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Abstract

For more than 50 years since its birth in 1965, Moore’s Law has been a self-fulfilling
prophecy that drives computing forward [59]. However, as Dennard scaling ends [18],
chip power density presents a challenge that becomes increasingly severe with every
process generation. Consequently, a growing subset of transistors on a chip will need
to be powered off in order to operate under a sustainable thermal envelope, a design
strategy commonly referred as “dark silicon” [27, 90].

Although dark silicon poses a major challenge for consistently delivering higher
performance, it also inspires researchers to rethink how a chip should be designed
and managed under a power and thermal constrained environment. The historical
way of extracting performance, whether single-thread or multi-thread, by throwing
complicated and power-hungry hardwares is no longer applicable. Instead, we need
to rely more on software, but the hardware needs to provide new mechanisms. In
this thesis, we present three pieces of work on software and hardware codesign to
demonstrate how coordinating softwares like compilers and runtimes with underlying
hardware support can help boosting performance in a power-efficient way.

First, out-of-order (OoQ) processors achieves higher performance than the in-
order (IO) ones by aggressively scheduling instructions out of program order dur-
ing execution. However, dynamic scheduling requires sophisticated control and nu-
merous bookkeeping structures—e.g., reorder buffer, load-store queue, register alias

table—that increase complexity, area, and most importantly power. Observing that
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a compiler produces better static schedules when the instruction set defines simple
operation, we propose an ISA extension that decouples the data access and regis-
ter write operations in a load instruction. We show that with modest system and
hardware support, we can improve compilers’ instruction scheduling by hoisting a
decoupled load’s data access above may-alias stores and branches. We find that de-
coupled loads improve performance with geometric mean speedup of 8.4% for a wide
range of applications, bringing a step closer to OoO performance on 10 design.

Second, sprinting is a class of computational mechanisms that provides a short
but significant performance boost while temporarily exceeding the thermal design
point. Using phase change material to buffer heat, sprinting is a promising way to
deliver high performance in future chip designs that are likely to be power and ther-
mal constrained. However, because sprints cannot be sustained, the system needs a
mechanism to decide when to start and stop a sprint. We propose UTAR, a software
runtime framework that manages sprints by dynamically predicting utility and mod-
eling thermal headroom. Moreover, we propose a new sprint mechanism for caches,
increasing capacity briefly for enhanced performance. For a system that extends
last-level cache capacity from 2MB to 4MB per core and can absorb 10J of heat
with phase change material, UTAR-guided cache sprinting improves performance by
17% on average and by up to 40% over a non-sprinting system. These performance
outcomes, within 95% of an oracular policy, are possible because UTAR accurately
predicts phase behavior and sprint utility.

Finally, applications often exhibit phase behaviors that demands for different
types of system resources. As a result, management frameworks need to coordinate
between different sprinting mechanisms to realize the full performance potential. we
propose UTAR+, an extended version of UTAR that not only determines when to
sprint, but also the type of resource as well as the sprinting intensity. Building upon
UTAR’s phase predictor and utility and thermal-aware policy, UTAR+ quickly iden-
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tifies the most profitable sprinting option to maximize performance/watt. For a
system that offers multiple sprinting options, UTAR+-guided multi-resource sprint-
ing improves performance by 22% on average and by up to 83% over a non-sprinting
system, outperforming UTAR-+guided single-resource sprinting for a variety of ap-

plications.
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Introduction

For almost four decades since mid 1960s, Moore’s Law [58] (the doubling of transistors
every 18 months) has been the fundamental driving force for computing. Though
several generations of transistor shrinking, coupled with Dennard scaling [19], chip
designers were able to aggressively targeting exponential growth in peak-performance
without increasing power consumption. Although transistor dimensions are projected
to continue shrinking to the end of the decades [4], the accompanying growth in static
power due to leakage current precludes further scaling of voltage. As a result, active
power grows with every process generation, leading to higher power density for a
chip of the same size. Recent trends have predicted power density to increase to over
6x beyond the 8nm process node [4, 11].

The challenge of increased power density was passed along to package designers by
specifying higher thermal design power(TDP) for chips. TDP serves as the nominal
value for designing chips’ cooling systems. However, chips are reaching the thermal
limits of both active and passive cooling, which means, without innovation. even
if more transistors can be squeezed in a chip to fulfill Moore’s Law, the fraction

of those transistors which can be powered on at the same time will decrease. This
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is referred as “dark silicon” phenomenon. According to recent studies, researchers
from different groups have projected that, at 8nm process node, the amount of dark
silicon may reach up to 50%-80% depending on the processor architecture, cooling
technology and application workloads [26].

Although dark silicon poses a major challenge for consistently delivering higher
performance, it also inspires researchers to rethink how a chip should be designed
and managed under a power and thermal constrained environment. The historical
way of extracting performance, whether single-thread or multi-thread, by throwing
complicated and power-hungry hardwares is no longer desirable. Researchers have
proposed various approaches to fight dark silicon[89]. These proposals have largely
focused on reducing thermal design power by lowering chip activity, either by se-
lectively powering dedicated special function units, reducing die size, or reducing
voltage and frequency. Although these approaches partially address the dark silicon
problem, they forsake the opportunity to harness the peak performance potential

enabled by Moore’s law.
1.1 Organization and Overview of the Dissertation

This thesis aims to improve computer systems’ performance under the constraint
of limited power and thermal budget. We present three pieces of work on software
and hardware co-design to demonstrate how designing softwares like compilers and
runtimes with underlying hardware support in mind can help boosting performance
in a power-efficient way.

In the first work, observing that in-order processors have the potential to achieve
higher energy efficiency than out-of-order ones and thus could be more appealing
in a power and thermal constrained system, we look into methods to bring a step
closer to 00O performance on 10 design. We propose Decoupled Load, an ISA
extension that decouples the data access and register write operations in a load
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instruction. With modest system and hardware support, we design a compiler that
exploit decoupled load to produce better instruction scheduling.

In the second work, observing that sprinting is a promising way of delivering high
performance in future chip designs that are likely to be constrained by power and
thermal budget. We propose UTAR, a software runtime framework that manages
sprints by dynamically predicting utility and modeling thermal headroom. More-
over, we propose a new sprint mechanism for caches, increasing capacity briefly for
enhanced performance.

In the third work, observing that applications often exhibit different resource
demands at different phases, we propose the idea of multi-resource sprinting and
UTAR+, an extended version of UTAR that is capable of coordinating between
different sprinting mechanisms like frequency sprints and cache sprints.

Together, we show the need and the benefit of co-designing softwares and hard-
wares in the dark silicon era and pave the way for continuing pursuing performance

given limited power and thermal budget in future computer systems.
1.1.1 Decoupled Load for Nano-Instruction Set Computers

Architects who design out-of-order (OoO) processors accept higher costs in return for
performance. By aggressively scheduling instructions out of program order during
execution, Qo0 processors exploit instruction level parallelism to a greater degree
than in-order (IO) ones. However, dynamic scheduling requires sophisticated control
and numerous bookkeeping structures—e.g., reorder buffer, load-store queue, register
alias table—that increase complexity, area, and most importantly power.

In Chapter 2, we note that even RISC bundles multiple basic operations into
an instruction and breaking these bundles could further improve static scheduling
— a strategy we call Nano Instruction Set Computing (NISC). The most promising

candidates for NISC include branches and loads, instructions that disproportion-



ately impact performance and are amenable to separation into nano-instructions.
Indeed, prior work decouples branches into prediction and resolution to improve
schedules [56]. In contrast, we decouple functionality in loads and perform code

motion to hide their long latencies.
1.1.2  Utility and Thermal Aware Runtime for Online Sprinting Management

Computational sprinting [71, 70] is a mechanism for dark silicon, which describes
systems that can only power a fraction of its peak resources [27, 90]. Sprints provide
a short but significant performance boost and draw extra power and temporarily in-
crease chip temperature beyond its thermal design point (TDP). To manage sprints,
prior work has either relied on an obvious trigger (e.g., parallel code region acti-
vates additional cores [71]) or offline profiles to estimate utility [28]. However, such
approaches are limited to certain types of sprint and cannot adapt to workload dy-
namics.

In Chapter 3, we propose UTAR, a utility and thermal aware run-time that
determines when to initiate and terminate a sprint. Based on hardware support
available in current processors, we present a software framework that evaluates utility
and makes sprinting decisions. We demonstrate UTAR for a new class of sprints
that increase microarchitectural capacity. Specifically, we propose cache sprints that

expand last-level cache capacity and exceed TDP when that capacity is most useful.
1.1.8  Coordinated Multi-resource Sprinting

Applications often exhibit phase behaviors that demands for different types of system
resources. As a result, management frameworks need to coordinate between different
sprinting mechanisms to realize the full performance potential.

In Chapter 4, we propose UTAR+, an extended version of UTAR that not only

determines when to sprint, but also the type of resource as well as the sprinting



intensity. Building upon UTAR’s phase predictor and utility and thermal-aware
policy, UTAR+ quickly identifies the most profitable sprinting option to maximize

performance/watt.
1.1.4 Key Contributions of the Thesis

In summary, we make the following contributions in this thesis:

e We propose decoupled loads, which separate a load instruction into data access
and register writeback. We describe instruction semantics and support required
from the operating system and microarchitecture. We modify a compiler to
exploit decoupled loads and produce high-quality, static instruction schedules.
The compiler hoists loads’ data accesses and schedules independent instructions
to hide latency. We evaluate performance gains using cycle-level simulations

for varied 1O processor configurations and SPEC2006 benchmarks.

e We propose UTAR, a utility and thermal aware run-time framework that is
able to manage sprints dynamically based on accurate utility prediction and
thermal modeling. We propose a new class of sprints that increases the capac-
ity of microarchitectural resources (e.g., caches) and exceed TDP when that
capacity is most useful. We implement UTAR in software and evaluate it using
a set of cache-sensitive applications. We prototype the run-time system on an
Intel Xeon Broadwell that supports last-level cache allocation via Intel Cache
Allocation Technology [31]. We show that UTAR~guided cache sprints improve
performance significantly and performs very close to oracular policies that use

perfect knowledge of sprint utility and thermal conditions to control sprints.

e We propose the idea of multi-resource sprinting and show the extended benefits

of coordinating between different sprinting mechanisms. We propose UTAR+,



an enhanced software runtime to manage multi-resource sprints. UTAR+ fur-
ther improves performance by matching program phases’ resource demands
with the proper sprinting mechanisms and intensities. We show that UTAR+4-
guided multi-resource sprints outperform UTAR-guided single-resource sprints

across a variety of applications.



2

Decoupling Loads for Nano-Instruction Set
Computers

Architects who design out-of-order (OoO) processors accept higher costs in return for
performance. By aggressively scheduling instructions out of program order during
execution, Qo0 processors exploit instruction level parallelism to a greater degree
than in-order (IO) ones. However, dynamic scheduling requires sophisticated control
and numerous bookkeeping structures—e.gq., reorder buffer, load-store queue, regis-
ter alias table—that increase complexity, area, and power. Faced with these costs,
designers may ask whether alternative (micro)architectures could deliver a significant
portion of OoO’s performance without its hardware overheads.

000 derives most of its performance from a better instruction schedule, not the
ability to react to dynamic events. One insightful study finds that better schedules
account for 88% of Oo0’s advantage over 10 [55]. Large windows permit aggressive
re-ordering and register renaming ensures that schedules are constrained only by true
dependencies. In contrast, compilers are constrained by memory aliasing and anti-

Joutput dependencies when scheduling statically. Static and dynamic scheduling



have been studied extensively [13, 50]. However, the discovery that dynamic sched-
ules are the key to OoO performance [55], not reactive mechanisms that mitigate
variable-latency operations and wrong-path execution, motivates new architectures
that permit better static schedules and produce OoO-competitive performance on
IO hardware.

A compiler produces better static schedules when the instruction set defines sim-
ple operations. As argued in the case for RISC [66], simplicity benefits code genera-
tion since the compiler need not find the rare opportunities to use complex instruc-
tions that bundle multiple operations. Moreover, simplicity benefits code motion
since the compiler has more flexibility when re-ordering finer-grained computation
and pursuing good static schedules. Thus, RISC gives the compiler fewer challenges
and more opportunities.

We note that even RISC bundles multiple basic operations into an instruction and
breaking these bundles could further improve static scheduling — a strategy we call
Nano Instruction Set Computing (NISC). The most promising candidates for NISC
include branches and loads, instructions that disproportionately impact performance
and are amenable to separation into nano-instructions. Indeed, prior work decouples
branches into prediction and resolution to improve schedules [56]. In contrast, we
decouple functionality in loads and perform code motion to hide their long latencies.

Scheduling decoupled loads is complicated by stores and branches. Loads cannot
be hoisted before a may-alias store without jeopardizing program correctness. Loads
cannot be moved across basic block boundaries without ensuring exception safety,
which is frequently quite difficult. Existing techniques such as data speculation [16,
47, 17] and superblock formation [36, 53] mitigate constraints imposed by stores and
branches. However, such speculative techniques incur overheads when recovering
from misspeculation.

We study non-speculative approaches to circumvent the constraints posed by

8



stores and branches, and show how decoupled loads produce better schedules. Specif-

ically, we make the following contributions:

e We propose decoupled loads, which separate a load instruction into data access
and register writeback. We describe instruction semantics and support required

from the operating system and microarchitecture.

e We modify a compiler to exploit decoupled loads and produce high-quality,
static instruction schedules. The compiler hoists loads’ data accesses and sched-

ules independent instructions to hide latency.

e We evaluate performance gains using cycle-level simulations for varied 10 pro-
cessor configurations and SPEC2006 benchmarks. Decoupled loads offer a ge-

ometric mean speedup of 8.4%.

Collectively, our results show the potential of NISC architectures. Decoupling an
instruction’s constituent operations produces better static schedules and brings us a

step closer to Qo0 performance on 10 design.
2.1 Decoupled Loads

Architects have long known that load instructions present performance challenges.
In this paper, we seek performance by extending a RISC instruction set with de-
coupled loads that separate data accesses and register writebacks. To support the
instruction extension, the microarchitecture must hold new state — data supplied by
the cache hierarchy but not yet written to registers. Moreover, the system must ac-
commodate new load semantics for consistency/coherence, exception handling, and
context switches. With such support, decoupled loads meet key design objectives
such as hiding load-to-use latency without expensive software speculation or hard-

ware overhead.



2.1.1 Design Objectives

Hiding Latency. Decoupled loads help a compiler hide load-to-use latency. Loads,
with their long and variable latencies, often occupy the critical path. However, if
a load is scheduled well before the first instruction that uses its data, computation
for intervening instructions hides the load latency. By separating data access and
register write, a decoupled load increases scheduling flexibility. Because the register
is written separately, the compiler can hoist a load’s data access higher and more
often than it could have hoisted a conventional load.

Although superficially similar, decoupling and hoisting a load’s data access is
orthogonal to data prefetching. Prefetchers bring potentially useful data up the
memory hierarchy and into the data cache before a load is executed. Thus, they
reduce the probability of cache misses and average load latency. Once data resides in
the L1 data cache, however, decoupled loads are needed to hide load-to-use latency.

Foreshadowing our experimental findings, decoupled loads improve performance
even when prefetching is perfect. An ideal prefetcher would ensure that every data
cache access hits. Even in this optimistic scenario, the compiler could hoist a decou-
pled load’s cache access, find computation to hide its modest latency (e.g., 4 cycles),
and improve performance by up to [[10%]]. A less accurate prefetcher increases
average load latency, producing a baseline for the compiler to produce even greater
performance gains.

Avoiding Speculation. We decouple load functionality such that the compiler
can hoist a load’s data access safely and non-speculatively. When hoisting above an
aliasing store, the microarchitecture supplies the correct value to the load. When
hoisting across basic block boundaries, no exception is generated if the branch re-
solves such that the original load should not be executed.

Speculation permits aggressive code motion but requires fix-up code to correct

10



the effects of misspeculation. For example, the Itanium employs two types of loads,
speculative and advanced, that allow the compiler to schedule loads earlier [77].
Speculative loads can be moved before one or more branches. Advanced loads can
be moved before stores even when the alias analysis is inconclusive. When either of
these loads are used and hoisted, the compiler inserts check and branch instructions
at the load’s original location to detect misspeculation, and it inserts fix-up code
that recovers from misspeculation when necessary.

Correction and recovery code for misspeculation introduces overheads. When
the compiler misspeculates about the code path or memory aliasing, the fix-up code
re-executes the computation correctly. Even when misspeculation is rare, fix-up
code increases register pressure as the compiler allocates architected registers for
the additional instructions. The Itanium’s 128 registers might accommodate this
pressure. However, a RISC architect designing an 10 core has a more difficult choice
— use 32 registers and spill to memory, or use 128+ registers and incur hardware
costs like those for OoO physical register files.

Minimizing Hardware Overhead. We decouple loads to improve the perfor-
mance of static schedules on inexpensive 10 cores. Decoupled loads require modest
microarchitectural support — a small structure to hold values after data access and
before register write. Foreshadowing our experimental findings, a small table is suf-
ficient to realize the performance potential for decoupled loads.

In contrast, other approaches to mitigate load latency require far more hard-
ware. OoQ’s dynamic schedules perform well but require a physical register file, re-
order buffer, and load/store queue. Itanium’s speculative and advanced loads require
many architected registers to support re-execution and fix-up code [77]. Sophisti-
cated microarchitectures produce a load value earlier in the pipeline by enhancing
the front-end with instruction pre-decode, base register caching, and fast address
calculation [7]. Each of these approaches require bookkeeping, control, and recovery

11



mechanisms with larger cost-benefit ratios than those for decoupled loads.

Ensuring Compatibility. Decoupled loads extend an existing RISC instruction
set, giving the compiler additional options for code generation. In some scenarios,
hoisting a decoupled load’s data access across basic blocks can harm performance—
the destination block may execute the load even when the source block is not ex-
ecuted. The compiler should judiciously decouple loads and we implement several,
illustrative heuristics to demonstrate this capability.

Decoupled loads are generated by specifying a compiler flag when targeting a
processor with the extension. The compiler extracts performance from decoupled
loads using static analysis. Although decoupled loads do not require run-time profiles
to generate code, they benefit from dynamic binary translation (DBT) frameworks,

which permit transparent innovation in the instruction set [17, 56].
2.1.2  Instruction Semantics
A conventional load instruction — load rD, I(rA) — has three significant pieces:

e Memory Hierarchy Access: The first piece of a load instruction is the
computation of its effective address (I + rA), and the memory hierarchy access.
Access includes translation from virtual to physical address, the L1 data cache

read, etc.

e Ordering: The second piece of a load instruction is its ordering relative to
other memory operations. Ordering specifies whether the load comes logically

before or after a store from the same or another thread.

e Register Write: The third piece of a load instruction is writing the value to

destination register rD.

Conventional loads constrain scheduling as all three pieces are bundled together
in a single instruction. In contrast, the separation of these pieces into multiple
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instructions gives greater flexibility. We focus on separating memory hierarchy access
from ordering. Doing so allows a load to perform parts of its work with longer
latencies (i.e., load-to-use latency of a data cache hit or the even longer latencies of
a miss) prior to the point at which it must be ordered relative to other instructions.
These separated instructions are linked by a new architectural identifier that we call
the load tag.

We consider splitting the load into two instructions. Note that a load could be
divided into three instructions, but the additional split benefits performance only

under heavy register pressure:

e Data Access [load.D$ 1tD, I(rA)]: Data access behaves much like a con-
ventional load except that it places the contents at memory address I(rA) into
the destination load tag 1tD. If the instruction faults, the exception is raised
only when the load is ordered by a subsequent instruction that uses the same

load tag.

e Order and Write [load.wb rD, 1tA)]: This instruction orders the load and
writes the result back to the register file. Writing the result copies the value
from the load tag 1tA into the destination register rD. If this value is not yet
available, the instruction will stall. Order and write preserves load semantics,
causing the decoupled load to behave as if the conventional load were written

at this point in program order.

Translating a conventional load into a decoupled one is trivial.! The compiler can
freely hoist the data access instruction above stores and branches to hide load-to-use
latency. However, the compiler must ensure that the ordering instruction for the load
remains at the conventional load’s original position or at some place the compiler

could have safely moved the conventional load within the program.

I Loads from location declared volatile cannot be split.
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load r2, 0(r1) — 1load.D$ 1t0O, 0(ril)

load.wb r2, 1tO

2.1.83 Microarchitectural Support

We present an overview of a microarchitecture that supports decoupled loads. The
primary microarchitectural addition is a table to maintain the state of decoupled
loads between its 1load.D$ and the load.wb instructions. We call this structure the
Load Tag Table (LTT) as it has one entry per load tag. Fach entry includes status
bits, exception information, addresses, and values.

Load Tag Table. Two status bits encode the state of an entry. 00 indicates
that the entry is invalid, which means that no load.D$ has been executed since
the load.wb completed for the previous load that used the entry. 01 indicates that
the memory hierarchy access is in progress. 10 indicates that the memory hierarchy
access has been completed, but subsequently invalidated by coherence. Finally, 11
indicates that the entry holds valid data.

Each entry holds exception information that tracks any exception detected for a
load that has not yet been ordered. For example, 1oad.D$ may have encountered an
invalid virtual address. Each entry tracks the virtual and physical addresses specified
and read by load.D$, respectively. Finally, the entry holds the value retrieved by
load.D$.

Figure 2.1 shows a 7-stage, in-order pipeline extended with an LTT. The LTT
is physically divided into three parts: the virtual address (VA) in the decode stage;
the status, exception and value (S,E,V) in the execute stage; and the physical ad-
dress (PA) in the second memory stage. Decoupled load instructions, load.D$ and
load.wb, index into the table with their load tag. The structure that holds phys-
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FIGURE 2.1: In-order pipeline extended with load tag table (LTT).

ical addresses is a content-addressable memory (CAM), which is searched by store
instructions and coherence invalidations.

Operation and Example. We describe LTT operation with a simple example.
The compiler schedules a store between a load’s data access and register writeback,

highlighting the load’s interaction with a may-alias store.

load.D$ 1t0, 4(r2)
st 4(rd), r3

load.wb r3, 1tO

When 1oad.D$ enters the execute stage (E), it sets the corresponding LTT entry’s
status to 01. Then, load.D$ updates the LTT entry with its virtual address in the
first memory stage (M;) and with its physical address in the second memory stage
(Ms). After retrieving its data from the cache hierarchy, load.D$ updates the LTT
entry with its value in the third and last memory stage (Mjs). Finally, 1oad.D$ sets
status to 11 during normal execution and to 10 if an exception arises.

When store enters the second memory stage (Ma), it searches the LTT’s CAM.

If it finds an LTT entry with the same address, store updates the entry’s value in
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the third memory stage (Ms). Finally, when load.wb enters the execute stage (E), it
retrieves the entry’s value and sets status to 00. Thus, the LTT ensures correctness
in the presence of aliasing stores while potentially shrinking load-to-use latency from
4 cycles to 1.

Suppose load.wb executes and reads an entry with status other than 11. If status
is 00, the entry is invalid and an invalid-instruction exception is raised. If status is
01, the data access is in progress and load.wb stalls until the value returns from
the memory hierarchy. If status is 10, coherence invalidation requires load.wb to
re-access the memory hierarchy, as if it were a conventional load, using the virtual
address stored in the LTT.

Note that load.wb reads the LTT value two stages earlier than store searches
the LTT for possible aliases. Even with bypassing, a load.wb that immediately
follows a store risks reading an outdated value from the LTT in the execute stage
(E). A conservative microarchitecture could stall if any store is in flight.

An efficient alternative compares page offsets in virtual addresses. The store’s
offset is available after address generation and the load.wb’s is read from the LTT
during decode. If offsets differ, load.wb and store may proceed in parallel. An
aggressive alternative compares virtual addresses early to bypass from store to
load.wb. In the event of synonyms (i.e., same physical but different virtual ad-
dresses), the load.wb is squashed and re-executed.

Discussion. The LTT has some similarity to the load queue in an OoO processor.
Both structures hold physical addresses in a CAM. Stores and invalidations must
search both. However, LT Ts differ in several significant ways.

First, in the LTT, a CAM match either updates the entry’s value to reflect the
value stored or changes its status to reflect an invalidation. In a load queue, a CAM
match flushes instructions because a load executed at the wrong time. Second, the

LTT holds only entries for decoupled loads and is much smaller than a load queue.
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Third, the compiler assigns LTT entries during register allocation whereas the load
queue is a FIFO structure.

Although one might view the LTT as additional “registers” to mitigate register
pressure, the performance benefits of decoupled loads cannot be achieved by simply
increasing the register file size by the number of LTT entries. From the compiler’s
perspective, more registers reduces spilling and mitigates anti/output dependencies.
But they cannot help loads circumvent constraints from stores and branches.

Note that this high-level description elides the micro-architectural complexities
of a pipelined processor: the load.wb may enter the pipeline before the store knows
its physical address, or even before the 1oad.D$ writes the LTT. Each of these issues
has solutions (e.g., the pipeline can track which load tags have in-flight writers, and
act accordingly). However, a compelling evaluation of the details of all of these
requires synthesizing a core with the modifications, and is thus beyond the scope of

this work, which introduces the ISA changes and focuses on the compiler support.
2.1.4 System Support

Decoupled load semantics are defined naturally by its two instructions for data access
(load.D$) and register writeback (load.wb). Together, these instructions provide the
system enough information to order loads, handle exceptions, and switch contexts.
Load Ordering. The system must order decoupled loads relative to loads and
stores from other cores. The load.wb is the ordering point of the decoupled load.
Because the compiler ensures that 1oad.wb occupies the original load’s location in the
program, the decoupled load completes at the same point in time as a conventional
load would have. Thus, 1oad.D$ is not visible to other cores until 1load.wb commits,
guaranteeing the decoupled load’s correctness under any consistency model.
However, the core responds to invalidation differently to accommodate interaction

between decoupled loads and stores from other cores. When a load is decoupled,
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another core’s store could be ordered after its data access but before its register
write. Thus, invalidation needs to associatively search the LTT just as invalidation
is required to search the load queue in OoO cores. If a matching address is found,
invalidation updates the LTT entry’s status, forcing the subsequent load.wb to re-
access the memory hierarchy.

Exception Handling. When a decoupled load’s 1oad .D$ produces an exception,
the system defers handling until its ordering point at load.wb. With deferred ex-
ception handling, decoupled loads provide the same semantics as conventional loads.
Exceptions are precise with respect to the register write. Moreover, the compiler can
hoist 1load.D$ above branches without risk of handling exceptions from unexecuted
code paths unnecessarily.

Context Switching. Load tags, like registers, are part of a process or thread’s
context. Recall that the LTT contains valid bits, addresses, and values. When a
thread is context switched out, the operating system (OS) saves each valid LTT
entry’s virtual address, but not value, to memory.

When the thread is context switched in, the OS restores each valid LTT entry
by re-loading the value from its saved address. To accomplish this reload, the OS
re-executes load.D$ for each decoupled load in flight. Re-execution is necessary after
a context switch because other threads may have modified values residing at LTT-
held addresses. Re-execution may encounter page faults if the context switch paged
out LTT-held addresses. Page faults, like exceptions, are deferred to the decoupled

load’s ordering point.
2.2 Compiler Support

Compiler support is essential when using decoupled loads to produce high-performance
schedules. First, the compiler must determine which loads to decouple into data ac-

cess and register write. Nailvely decoupling every load would increase pressure on
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the load tag table, which is small to ensure single-cycle access, and constrain per-
formance. Furthermore, naive approaches would increase instruction cache pressure
and cause the program to execute more dynamic instructions, harming performance
and power efficiency.

Second, the compiler must hoist data access instructions, often above may-alias
stores and branches, to hide load-to-use latency. We first describe scenarios in which
scheduling benefits from decoupled loads. Then, we propose two compiler scheduling

policies that exploit decoupled loads to improve performance.
2.2.1 Hoisting Over (May-)Aliasing Stores

Alias analysis attempts to determine whether two pointers to memory refer to the
same address. Given a query with two pointers, the analysis responds with one
of three possible answers—must, may, or no alias. The compiler uses alias analysis
conservatively and does not schedule conventional loads above may-alias stores. With
decoupled loads, the compiler circumvents the constraints posed by memory aliasing.
We show how data access in decoupled loads can be hoisted above may-alias stores
for representative functions.

Scheduling Example. The compiler makes assumptions about machine pa-
rameters during instruction scheduling. In our example, the compiler considers a
two-wide, in-order machine with two ALUs and one load/store unit. The load-to-use
latency is four cycles, which optimistically assumes loads hit in the L1 cache and pro-
vides a challenging scenario for decoupled loads. Multiplication requires four cycles
and all other instructions require one cycle. Each functional unit is fully pipelined.

We consider single-precision, scalar multiplication and vector addition (SAXPY).
Figure 2.2 and 2.3 present the source code and resulting static schedule. Instructions
within the same loop iteration are serialized by true data dependencies such that

these instructions cannot be reordered or scheduled in the same cycle. In contrast,
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void saxpy (float xdest, float x*x,
float *y, float a, int n) {
for (int i=0; i < n; i+=2) {
dest[i] = a*x[il+y[i]l;
dest[i+1] = a*xx[i+1]+y[i+1];

FIGURE 2.2: SAXPY code example

instructions across loop iterations are not constrained by true dependencies.

Modern compilers extract instruction-level parallelism across iterations by un-
rolling the loop. However, loop unrolling by a factor of two fails to improve SAXPY
performance. The compiler fails to find parallelism in the unrolled loop because it
cannot determine whether the store instruction at line 5 aliases the loads in lines 6-7.
As a result, the compiler conservatively specifies a may-alias dependence between the
store and its following loads, producing a static schedule that spans 21 cycles.

Decoupled loads separate data access from register write, allowing the compiler
to hoist the data access. When splitting a conventional load instruction, which it
assumes requires four cycles, the compiler generates a three-cycle load.D$ and a one-
cycle load.wb; most of the load’s latency is attributed to data access. The compiler
uses idle issue slots to schedule data accesses in lines 6-7 earlier, which reduces load-
to-use latency from four cycles to one. Because stores check and update the load tag
table, the schedule ensures program correctness regardless of aliasing. The improved
new static schedule spans only 18 cycles, as shown in Figure 2.4.

SAXPY represents a broader class of codes for which alias analysis must be con-
servative and thus restricts the compiler’s ability to schedule code efficiently. We take
SAXPY as an example because it is simple and easy to understand. More generally,
SAXPY illustrates code in which read-modify-write instructions are performed on

data structures indexed with variables. These codes are prevalent and Figure 2.5
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Loop: Cycle ‘ Issue-1 | Issue-2

1 1d r9,0(r4) ; ; 14
2 1d r10,0(r5) >

3 mul 1r9,9,r6 = 3

4 add r9,r9,r10

5 st 0(r3),r9 6-8

6 1d r9,4(r4) 9 4

7 1d  r10,4(r5) 10 5

8 mul r9,r9,r6 11 6 12
9 add 19,r9,r10 12 7 13
10 st 4(r3),r9 13-14

11 addi r3,r3,8 15 8

12 addi r4,r4,8 16-18

13 addi r5,r5,8 19 9

14 addi r8,r8,2 20 10 11
15 bne r8,r7,Loop 21 15

FI1GURE 2.3: SAXPY schedule with conventional loads

Loop

1 1d r9,0(r4)

59 14 r10,0(r5) Cycle | Issue-1 | Issue-2
3 mul 1r9,r9,r6 1 1 16
4 add r9,r9,ri10 2 2

5 st 0(r3),r9 3 6

6 1d.D$ 1t0,4(r4) 4 7

7 1d.D$ 1t1,4(r5) 5 3

8 1d.wb r9,1t0 6-8

9 1d.wb ri1i0,1t1 9 4

10 mul r9,r9,r6 10 5

11 add r9,r9,r10 11 S 9
12 st 4(r3),r9 12 10 14
13 addi r3,r3,8 16 11 15
14 addi r4,r4,8 17 19 13
15 addi r5,r5,8 18 17

16 addi r8,r8,2

17 bne 18,r7,Loop

FIGURE 2.4: SAXPY schedule with decoupled loads
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shows a similar loop pattern from hmmer in the SPEC2006 benchmark suite.

void P7EmitterPosterior (
int L, struct plan7_s *hmm,
struct dpmatrix_s * forward,
struct dpmatrix+s * backward,
struct dpmatrix_s *mx) {

for (i = L; i>=1; i++) {
mx->xmx [i] [XMC]=
forward->xmx [i-1] [XMC]
+ hmm->xsc [XTC] [LOOP]
+ backward->xmx [i] [XMC]
-sc;

FiGure 2.5: SPEC Hmmer Code Example.

2.2.2  Hoisting Over Branches

Compilers have difficulty hoisting a conventional load instruction over a branch,
primarily because the branch could resolve in another direction. If a load is hoisted
from a basic block in an unexecuted code path, the load’s destination register would
be written with the wrong value. Moreover, the load may cause an exception and
trigger a handler unnecessarily. For these reasons, Itanium’s advanced loads require
fix-up code and propagate a token that tracks deferred exceptions to each instruction
that depends on the advanced load’s value [77]. We show how decoupled loads can
be hoisted above branches non-speculatively and without fix-up code.

Scheduling and Examples. Figure 2.6 presents a simplified control flow graph
from the spec_random_load function in bzip2, a benchmark from the SPEC2006 suite.
Basic block A has two successors, B and C, both of which start with a load. The
compiler cannot hoist these conventional loads above A’s branch because it cannot

determine the branch direction.
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A
Id r3, 0(r14)
Id r3, 0(r14) Id.$D It0, 0(r20)
add r5, r5, 16 Id.$D It1, -40(r2)
bltr3, r5, B add r5, r5, r6
JC |:> blt 13, 15, B

c

Cc

B B C

Id £3, 0(r20) '(f'z)r 14,40 Id.wb r3, It0 Id.wb r14, It1
divrd, r3, r8 mov r3. 16 divrd, r3, r8 mov r3, 16

mul r5, r4, ro

st 4(r14) r3 mul r5, r4, r9 st4(r14) r3

FIGURE 2.6: Hoisting decoupled loads over branch (shared predecessor).

Decoupled loads enable a new schedule. The compiler decouples each load into
load.D$ and load.wb instructions. It hoists both load.D$ instructions over A’s
branch while ensuring that both load.wb instructions remain in their respective
positions. Because load.D$ places data in load tags and does not fault until ordered
by a load.wb, the transformation ensures program correctness regardless of branch
direction. By hoisting load.D$ above branches, the compiler overlaps latency of B
and C’s loads with the latency of A’s load.

Naively decoupling loads and hoisting data accesses above branches may harm
performance. Figure 2.7 presents a scenario in which basic block C has two prede-
cessors, A and B. The compiler may wish to decouple C’s load and hoist its data
access into B to overlap the latency with the load in B. However, it must hoist data
access into both predecessors to ensure a valid value for the writeback regardless of
control flow. Unfortunately, A is a loop body and its branch into C has a very low
bias. Hoisting C’s data access into A may cause A to execute more slowly due to

more dynamic instructions. Since A is executed multiple times, overall performance
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Id.wb r5, It0

Id r5, 4(r6)

FIGURE 2.7: Hoisting decoupled load over branch (multiple predecessors).

may suffer.

The compiler can implement one of two solutions to this scenario. First, the
compiler can be conservative and refrain from decoupling C’s load instruction. Al-
ternatively, the compiler can create a new basic block between A and C that contains
only the 1oad.D$ instruction, which has several advantages. When control flows from
A to C, computation is correct and load.D$ does not affect A’s performance. When
control flows from B to C, the hoisted load.D$ improves performance.

In our implementation, the compiler determines its handling of decoupled loads
and branches based on static analysis. Estimating bias is easier in some cases (e.g.
loops) and more difficult in others. In the future, decoupled loads could be generated
and scheduled with profiles and dynamic binary translation. Dynamic frameworks

might enable a panoply of more precise optimizations.
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2.2.3 Scheduling Policy

Instruction scheduling is a critical stage in the compiler’s code generation pipeline.
The compiler tries to reorder instructions to increase instruction-level parallelism and
reduce structural hazards. Even when the compiler has a holistic view of the program,
it typically reorders instructions within a basic block and not across them. Scheduling
instructions across basic blocks is difficult because it risks executing instructions from
the wrong code path.

Scheduling for Conventional Loads. List scheduling is a common algorithm
used by most modern compilers for scheduling instructions within a basic block.
The scheduler constructs a data dependency graph (DDG) in which nodes represent
instructions, edges represent instruction dependencies, and edge weights represent
instruction latencies.

For a given basic block, Algorithm 1 shows a simplified procedure for list schedul-
ing. The algorithm first builds DDG and then uses the graph to identify instructions
that are ready to execute. Whether an instruction is ready at a given cycle depends
on when its predecessors were scheduled and their latencies. If no instruction is
ready, the algorithm simply increments the cycle count and checks again. Thus, the
algorithm repeatedly selects ready instructions, inserts them into the schedule, and
updates the graph. The process continues until all instructions are scheduled and
the graph is empty.

Extensions for Decoupled Loads. We extend list scheduling to use decoupled
loads in Algorithm 2. The new scheduling algorithm discovers new opportunities to
exploit instruction- and memory-level parallelism. When the algorithm cannot find
a ready instruction in a given cycle, it will expand its search by decoupling a load
and determining whether its data access instruction can be scheduled.

The scheduler has several strategies for decoupling loads and hoisting data ac-
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Algorithm 1 Scheduling with Conventional Loads
1: procedure SCHEDULE(BASICBLOCK *B)
2:  build DDG

3:  while B has unscheduled instructions do
4:  if no instruction ready at this cycle then
5: goto next
6

7
8
9

pick instructions

release successor instructions
. next:

cycle++

Algorithm 2 Scheduling with Decoupled Loads — Bubble

1: procedure SCHEDULE(BASICBLOCK *B)

2:  build DDG

3: while B has unscheduled instructions do

4:  if no instruction ready at this cycle then

5: if available Ld/St Unit then

6: if exist load only constrained by may-alias then
7: goto decouple

8: if exist independent load in successor blocks then
9: goto decouple
10: goto next
11: decouple:
12: decouple load into load.D$ and load.wb
13: mark load.D$ as ready

14: continue

15:  pick instructions

16:  release successor instructions
17: next:

18:  cycle++

cesses. For any given cycle, the scheduler considers decoupled loads only when no
other instruction is ready for scheduling and the load/store unit is idle. To find an
instruction for this “bubble” cycle, the scheduler seeks to decouple loads from the
current basic block and, if that fails, to decouple loads from the block’s successors.
First, within the current block, the scheduler searches for loads that are con-
strained only by a may-alias dependence. The scheduler can decouple the load, hoist

its data access instruction above the may-alias store, and rely on the load tag table to
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supply the value for register write. Second, the scheduler searches for independent
loads in the current block’s successors. The scheduler can decouple the load and
hoist its data access instruction above the branch.

When a candidate load is found, the compiler decouples the conventional load
into 1load.D$ and load.wb instructions. Then, the compiler updates the graph with
dependencies and latencies for the new instructions. To ensure that the ordering
point remains in the original load’s position, load.wb inherits all dependency in-
formation from the original load plus an additional predecessor — load.D$. If the
scheduler assumes an n-cycle latency for the original load, it assumes n — 1-cycle
latency for load.D$ and one-cycle latency for load.wb. With the new graph, the

scheduler attempts to fill bubbles in the schedule.

Algorithm 3 Scheduling with Decoupled Loads — Early
1: procedure SCHEDULE(BASICBLOCK *B)
2:  build DDG
3: for each instruction do
4.  if is load instruction then
5: if no predecessor instruction then
6
7
8
9

decouple into load.D$ and load.wb

for each of B’s predecessor block P do
hoist load.D$ to the end of P
mark P to be rescheduled

10: if constrained by may-alias then
11: decouple into load.D$ and load.wb
12: add load.wb’s data dependency edges to load.D$

13:  (rest same as Algorithm 1)

Algorithm 3 offers a more aggressive approach to scheduling decoupled loads. In-
stead of decoupling loads only in the presence of bubble cycles during scheduling, the
algorithm seeks candidate loads for decoupling immediately after building the data
dependence graph. Doing so adds flexibility because the compiler may schedule the
entire basic block differently and, for example, prioritize the 1oad.D$ over other low-
latency instructions. However, such an aggressive policy requires new, comprehensive
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compiler heuristics to determine when decoupling loads is worthwhile.
2.2.4  Load Tag Allocation

The compiler allocates and frees load tags, which are required when decoupling loads,
in a proccess that closely resembles register allocation. When the compiler decides
to decouple a load in the scheduling stage, it assigns a virtual load tag to the pair of
load.D$ and load.wb instructions, much like a virtual register number for traditional
register allocation. The load.D$ opens the liveness of the corresponding load tag
whereas the load.wb kills it.

When the compiler enters the register allocation stage, it allocates load tags just
as it allocates registers. Because load tags look very much like registers, we can take
advantage of the liveness analysis and register allocation frameworks that already
exist in the compiler to support decoupled loads.

The allocator handles load tag pressure differently than register pressure. When
the allocator encounters register pressure, it spills register contents to memory. In
contrast, when the allocator encounters load tag pressure, it reverses the decision to
decouple the load and couples the 1oad.D$ and load.wb to produce a conventional
load.

Reverting to a conventional load is preferable to spilling, which generates a new
pair of store/load instructions and defeats the purpose of decoupling loads (i.e., hid-
ing load latency). Register allocation follows scheduling in a conventional compiler
pipeline, but the compiler must re-schedule a basic block if allocation reverts a de-
coupled load into a conventional one. Rescheduling incurs no additional overhead
since the compiler requires a post-register-allocation scheduling pass to accommodate

normal register spills.
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2.3  Experimental Evaluation

We extend the OpenRISC instruction set with decoupled loads. To generate code
with decoupled loads, we extend the Machine Instruction Scheduler in LLVM 3.5 [45]
with Algorithms 2-3. The scheduler searches for two types of conventional loads
that could be decoupled to improve performance. First, it seeks loads in the same
basic block that have been constrained by may-aliasing stores. Second, it seeks
independent loads in successor blocks that could be hoisted above branches depending
on the static analysis of branch biases.

Machine Model. To understand the performance of decoupled loads, we per-
form cycle-level simulation by extending the OpenRISC architectural simulator Orlksim
with an in-order timing model that includes dependency checking, superscalar sup-
port, a three-level cache hierarchy and a branch predictor.

Table 2.1 summarizes machine parameters that are used in the simulations.
LLVM also uses some of these parameters — for example, the number of functional
units, instruction latency — to guide static scheduling. Load latency varies dramat-
ically across applications and even across specific load instructions within the same
application. Yet the scheduler requires a single static value that estimates load la-
tency. Our compiler schedules loads using L1 hit latency.

Benchmarks. We evaluate eight integer benchmarks in SPEC2006. We also
experiment decoupled loads with floating-point benchmarks in SPEC2006, but are
unable to produce meaningful results because OpenRISC does not support double-
precision arithmetic in its 32-bit architecture. Double-precision arithmetic is imple-
mented in software, which generates many library calls that restrict code motion for
decoupled loads; the compiler cannot hoist loads above a function call.

The standard approaches in performance measurement sample workloads and run

a limited number of representative instructions. Yet sampling is difficult when com-
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Structure Configuration

Branch Predictor GShare, 8KB table, 13 history bits,
4K-entry BTB, 64-entry RAS
Machine Width Varied — 2/4
Functional Units LD/ST varied — 1/2,
INT ALU 2x, FP-ALU 1x
Load Tag Table Varied — 8/16/32 entries
L1 Caches 8-way 32KB L1-D$,

4-way 32KB L1-I$,
64B lines, 4-cycle latency

L2 Cache 16-way 256KB, 12-cycle latency
L3 Cache 32-way 4MB, 25-cycle latency
Miss Handling 8-entry MSHR

DRAM 140-cycle latency

Table 2.1: Machine Model.

paring different ISAs. Simulating X instructions after fast-forwarding Y instructions
could measure performance in very different parts of the workload as code genera-
tion and scheduling could produce very different dynamic instruction counts. For
this reason, we run each benchmark to completion with its TRAIN input set and
measure end-to-end performance speedup.

Evaluation Strategy. Graphs show results from a 4-wide, 2-LD/ST, 32-entry
load tag table configuration unless otherwise specified. We present the geometric
mean of speedups obtained over a baseline in-order machine. We first supply in-
sight into the sources of performance by showing how often loads are decoupled and
hoisted. We further differentiate decoupled loads hoisted above may-aliasing stores
versus those hoisted above branches. We assess performance sensitivity to machine

width, prefetching, scheduling policy and microarchitectural resources. Finally, we
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FIGURE 2.8: Performance speedup from decoupled loads over baseline with conven-
tional loads.

discuss side effects of decoupled loads.
2.3.1 Performance Analysis

Figure 2.8 presents performance gains when generating code with decoupled loads
instead of conventional loads. Overall, decoupled loads improve performance with
geometric mean speedup of 8.4% and a max speedup of 14%. Performance gains vary
from benchmarks as six out of the eight benchmarks report substantial speedups,
ranging from 7% - 14%, while the other two benefit significantly less.

Instruction Mix. Figure 2.9 presents the number of loads relative to number of
dynamic instructions. The black bar denotes the number of useful decoupled loads,
measured by the number of completed load.wb instructions. The white bar denotes
the number of conventional loads that are not decoupled. The gray bar denotes the
number of redundant loads, measured by the number of load.D$ instructions from
unexecuted code paths.

Load instructions often comprise about 20% of the total. The compiler can
decouple a large percentage of these loads. For example, loads comprise 17% of

libquantum’s instruction mix and 70% of these loads are decoupled. Similarly, loads
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FI1GURE 2.9: Load breakdown, relative to number of dynamic instructions.

comprise 23% of mcf’s instruction mix and 43% of these are decoupled, which cor-
responds to a large number of loads in absolute terms. The percentage of decoupled
loads indicates how often the compiler uses the new instructions and correlates with
performance gains.

Although the compiler decouples loads and hoists data access instructions aggres-
sively, it rarely creates extra work for the application. Unnecessary and redundant
data access instructions comprise only 1.4%, on average, of the total. Redundant
data access instructions are those that are hoisted from basic blocks in unexecuted
code paths. In these scenarios, the application executes a load.D$ instruction but
fails to execute the corresponding load.wb instruction. Thus, redundant loads are a
measure of wasted work. Figure 2.9 indicates that redundant loads are rare and the
compiler generates efficient code.

Stores and Branches. We hoist decoupled loads above may-aliasing stores and
branches with two different mechanisms. Hoisting above stores requires a load-tag
table that forwards updated values to decoupled loads. Hoisting above branches
requires bias analysis and new basic blocks. We find that applications are diverse
and require support for both types of instruction re-ordering.

Figure 4.10 illustrates contributions to performance when hoisting a load’s data
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access above stores and branches. Although all benchmarks benefit from both types
of code motion permitted when decoupling loads, the extent of these benefits vary.
For example, 90% of hmmer’s performance gain comes from hoisting loads over may-
aliasing stores whereas benchmarks like libquantum and mcf benefit mostly hoisting
loads over branches. In contrast, bzip2 benefits equally from both. Thus, both

scheduling techniques are required to realize the full potential of decoupled loads.
2.3.2  Sensitivity Analysis

Machine Width. Figure 2.11 illustrates performance sensitivity to an in-order
machine’s issue width and number of load/store units. Decoupled loads perform
better in wider machines. Given a wider machine, the compiler is more likely to find
idle slots and “bubbles” in the static schedule, which trigger a search for loads to
decouple and data access instructions to hoist. Thus, the compiler can decouple loads
more aggressively in a wider machine. However, performance differences are modest
as the compiler is limited by the number of candidate loads in the application.
Prefetching. Figure 2.12 shows the speedup obtained by decoupled loads over
a baseline with no prefetching, with a perfect L2 (every L1 miss served by 1.2), and

with a perfect L1 (every access hits L.1). The perfect caches model the effect of ideal
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FIGURE 2.12: Performance sensitivity to prefetching.

prefetchers on decoupled loads.

We find that prefetchers do not degrade benefits from decoupled loads. On the
contrary, for benchmarks with relatively bad data cache behavior, such as mcf and
libquantum, bundling decoupled loads with prefetching increases speedups. While
decoupled loads can potentially overlap cache miss latency, consecutive cache misses
are rare because most benchmarks are characterized by regular memory access pat-
terns and good data locality. The majority of decoupled loads’ benefits come from
hiding the load-to-use latency of a cache hit.

Scheduling Policy. Figure 2.13 compares the intuitive policy in Algorithm 2,
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FIGURE 2.13: Performance sensitivity to scheduling policy.

which hides load latency in bubble cycles, with the more aggressive policy in Algo-
rithm 3. For benchmarks with long load latencies and prevalent bubbles, such as
mcf, decoupling loads in the presence of bubbles or immediately after building the
dependence graph makes little difference. A few benchmarks perform better with
Algorithm 3. These benchmarks tend to have more instruction-level parallelism,
providing the compiler more opportunities to prioritize decoupled loads over low-
latency instructions. However, several benchmarks perform worse as the compiler
generates more redundant load.D$ instructions when branches are unbiased.

Load-Tag Table Size. A decoupled load that is in flight requires a load tag,
which links the data access instruction to its corresponding register write instruc-
tion. Our analysis thus far assumes 32 entries in the load tag table, a conservative
configuration that evaluates compiler effectiveness when resources are abundant. In
practice, however, we balance performance gains against load-tag table size.

Figure 2.14 evaluates performance for a range of LTT sizes and shows that only a
few entries are sufficient. Load tag pressure is usually much smaller than conventional
register pressure for two reasons. First, load tags are used only for decoupled loads.

Second, load tags have a very small live range. As we vary LTT size from 32 to 8
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entries, we find that 16 load tags are sufficient to capture 95% of the performance
gains from decoupled loads. When we reduce the number of tags from 16 to 8§,
hmmer, libquantum and mcf performance suffers. This sensitivity analysis satisfies a
key design objective, minimal microarchitectural support, and motivates future work

in adapting the processor datapath for decoupled loads.
2.3.3 Side Effects

Figure 2.15 shows instruction overheads from decoupled loads. Decoupled loads
separate a load instruction into two parts — data access and register write — and may
increase code size. For our benchmarks, decoupled loads increase static and dynamic
code size by an average of 5.8% and 7.4%, respectively.

Increases in static code size could reduce the instruction cache’s hit rates, harming
performance. However, we observe negligible performance degradation. SPEC2006
benchmarks behave well from the instruction cache’s perspective [39]. Moreover,
performance penalties from instruction cache misses are small for in-order cores,
which suffer from head-of-line blocking frequently. Misses do not harm performance
when instructions are off the critical path or are not immediately ready for execution

upon entering the window [56].
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Increases in dynamic code size could increase contention for issue slots. In prac-
tice, however, the compiler decouples loads to fill slots that would otherwise stall
the pipeline. Only the data access part of redundant loads contend with useful in-
structions for issue slots. But we find that the number of redundant loads is very

small.
2.4 Related Work

Branches perform multiple operations in a single instruction. By decomposing a
branch into prediction and resolution instructions, control flow transfers can be
hoisted above branch resolution [56]. Breaking both branches and loads into their
constituent parts will produce even better schedules.

Load Latency. Microarchitectural mechanisms have been proposed to tolerate
cache miss latencies [46, 15, 87, 32, 33]. CFP uses a slice buffer to drain the missed
load and its dependent instructions, freeing issue queue and register file resources [87].
iCFP adapts CFP for in-order pipelines, unblocking latches and allowing independent
instructions to execute [32]. SLTP and Multipass Pipelining present other implemen-
tations of non-blocking schemes [64, 8]. State-of-the-art iCFP achieves reach 57% of

000 performance with 10 design.
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Prefetching reduces cache miss latency. Software prefetching inserts explicit
prefetch instructions for memory references that are likely to miss in cache [72].
Compilers can detect memory access patterns and tune for varied latencies [61].
Prefetching is especially effective given regular memory access patterns [44, 62], but
has also been applied to pointer-based data structures [41, 73|. Prefetching does not
hide load-to-use latency once data is in the L1 cache. Indeed, decoupled loads could
improve performance even if the system were to use an ideal prefetcher.

The Decoupled Access/Execute Architecture (DAE) [85] decouples operand ac-
cess and execution with two instruction streams that comunicate via queues. DAE
is orthogonal to decoupled loads since the former is a microarchitectural implemen-
tation and the latter is an architectural extension. However, in a direct comparison
with decoupled loads, DAE requires much more complex hardware and its loads
remain serialized by stores and branches.

Instruction Scheduling. Dynamic optimization re-schedules code to reflect
runtime behavior, adding new code to the application address space [23, 57] or into a
hardware cache[40, 63]. rePLay and Region Slip support dynamic optimization and
allow region schedules to overlap [65, 86]. Each of these techniques require extensive
hardware support (e.g., frame constructor, optimization engine and scheduler, frame
cache, recovery mechanism).

Schedulers could perform better when given broader scope. Trace scheduling
is an early solution to the global microcode optimization problem [29]. Similar
approaches include Superblock and Hyperblock formation[36, 52|. These profile-
driven techniques are data dependent. They also require mechanisms to support
prediction and recovery after misspeculation, either with fix-up code or checkpoint
recovery.

IA-64 provides “advanced loads” and “speculative loads” which allow the com-

piler to schedule a load before one or more prior stores and branches [77]. These
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instructions place a check instruction at the original load’s location to detect mis-
speculation and branch to fix-up codes. Our scheme differs because the compiler
transforms code to execute the data access portion of the load non-speculatively.
Previous work has recognized that branches are often encoded to perform multiple
operations in a single instruction. Branch delay slots have been used in several
several RISC machines, including the IBM 801[68], RISC II[43], and MIPS as a
way to seperate the control flow transfer from the target specification and condition
computation. Delayed branches are only effective when the condition computation is
data independent so that it can be done early. Otherwise, the compiler will have to
insert no-ops to preserve the correct semantics of the program. For example, among
the three machines mentioned ealier, MIPS was able to achieve a branch cost of 1.3

cycle, meaning the single delay slot could only be used about 70% of the time.
2.5 Conclusion

Current instruction set architectures bundle multiple operations into one instruction,
which prevents compilers from aggressively re-ordering instructions. We propose de-
coupled loads to separate data accesses and register writes. Decoupled loads enable
better static schedules by allowing compilers to hoist data access above may-alias
stores and branches, two major barriers for code motion on conventional loads. De-
coupled loads require modest system and microarchitectural support and improve

performance by enabling better static schedules.

39



3

UTAR: Utility and Thermal Aware Runtime for
Online Sprinting Management

Computational sprinting [71, 70] is a mechanism for dark silicon, which describes
systems that can only power a fraction of its peak resources [27, 90]. Sprints provide a
short but significant performance boost by activating reserve cores and/or increasing
frequency and voltage. Sprints draw extra power and temporarily increase chip power
beyond its thermal design point (TDP). Sprints often require thermal packages that
deploy phase change material to increase the system’s thermal capacitance, buffer
heat during a sprint, and dissipate that heat during normal operation.

Because sprints cannot be sustained, the system needs a mechanism to decide
when to start and stop a sprint. Such a mechanism needs to assess both the ben-
efit (i.e., performance gains) and the cost (i.e., thermal capacitance consumed).
Moreover, because sprint decisions made in the present affect sprint capability in
the future, the mechanism needs to pace its sprints to maximize long-run perfor-
mance. Prior work has either relied on an obvious trigger (e.g., parallel code region

activates additional cores [71]) or offline profiles to estimate utility [28]. However,
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such approaches are limited to certain types of sprint and cannot adapt to workload
dynamics.

We propose UTAR, a utility and thermal aware run-time that determines when to
initiate and terminate a sprint. Based on hardware support available in current pro-
cessors, we present a software framework that evaluates utility and makes sprinting
decisions. This framework integrates new approaches to online phase classification
with prior approaches in phase prediction. In every management epoch, the frame-
work predicts the workload’s utility from sprinting and assesses the system’s thermal
profile. 'We show that these predictions are accurate and permit judicious sprints
over time.

We demonstrate UTAR for a new class of sprints that increase microarchitectural
capacity. Specifically, we propose cache sprints that expand last-level cache capacity
and exceed TDP when that capacity is most useful. While we use the cache as an
example, microarchitectural sprints could apply to other microarchitectural resources
such as the reorder buffer, issue queue, etc. Our perspective complements prior
work, which focused exclusively sprints that activate additional cores and boosts
their frequencies.

Our study of cache sprinting demonstrates its viability. We find that utility from
extra cache capacity varies across program execution. Such phase behavior permits
judicious sprints that increase capacity when utility is high and cool the system when
utility is low. Furthermore, our power models indicate that cache sprinting durations
can be long enough to capture lengthy, high-utility phases. Longer durations are
possible because increasing cache capacity is less power-intensive than activating
cores or scaling voltage and frequency.

We implement UTAR in software and evaluate it using a set of cache-sensitive
applications. We prototype the run-time system on an Intel Xeon Broadwell that
supports last-level cache allocation via Intel Cache Allocation Technology [31]. We
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show that UTAR-guided cache sprints improve performance by 17% on average and
by up to 40%. Moreover, UTAR outperforms a greedy policy that sprints at every
opportunity and performs within 95% of oracular policies that use perfect knowledge

of sprint utility and thermal conditions to control sprints.
3.1 UTAR Design

Computational sprinting is a mechanism that temporarily exceeds a chip’s sustain-
able thermal budget to boost performance. Specifically, it activates additional cores
and/or boosts frequency, exceeding the processor’s thermal design point (TDP) by
an order of magnitude or more. Managing these sprints (i.e., determining when to
start or stop) can be straight-forward. Additional cores can be activated at the be-
ginning of a parallel code region. Benefits from frequency boosts are relatively easy
to estimate.

However, managing these and other types of sprints that activate microarchitec-
tural resources to maximize long-run performance is challenging. Thus, we design a
general framework called UTAR that can (1) manage microarchitectural sprints, (2)
identify sprint opportunities accurately, and (3) minimize hardware and management
overhead.

Broad Application. To find broad application to varied microarchitectural
sprint mechanisms, UTAR cannot rely on simple triggers like those proposed for
computational sprinting. We instead integrate new approaches to online phase clas-
sification with prior work in phase prediction to make sprinting decisions based on
the inherent characteristics of different application phases.

High Accuracy. One of the most important design objectives of UTAR is to
“sprint when it really matters”. Sprinting without justified benefit in the present
not only wastes energy but can also potentially hinder future sprinting opportunities.
UTAR uses multiple history-based predictors to ensure each decision to sprint is made
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with high confidence.

Low Overhead. Since sprinting is a mechanism that is usually applied under
an already power and thermal constrained environment, the management framework
should not add additional, power-intensive hardware. UTAR is a software runtime
system that utilizes hardware support already available on modern processors. More-
over, UTAR works well with coarse-grained epochs that span 100M instructions,
making management overheads negligible.

Figure 3.1 motivates these design goals with a snapshot of program execution
split into phases. At “current time,” UTAR’s four tasks are to (1) confirm that the
previous epoch was actually “phase B”, (2) predict that the next epoch is “phase
A” ] (3) predict the utility from sprinting in “phase A”, and (4) determine whether
the thermal headroom in the next epoch permits a sprint during phase A. UTAR

must complete these tasks accurately and efficiently.

phase identification current time
< o | 40% 80%
A|B|B|A|C|A|B B|AI
| (1) confirmed previous phase 1 T
epoch (2) predicted next phase
(3) predicted sprinting utility

(4) assessed thermal headroom

F1GURE 3.1: Example program execution in phases

3.1.1 Management Architecture

Figure 3.2 presents an overview of UTAR. UTAR manages sprinting by collecting
data about the previous epoch. When an epoch ends, the phase classifier assesses
hardware performance counters, which supply the phase signature, to decide whether

the epoch corresponds to a previously observed phase or a new one (Section 3.1.2).
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FIGURE 3.2: UTAR overview

UTAR makes a series of predictions about the next epoch to decide whether to
sprint. First, the phase predictor uses the most recently completed epoch’s phases
to query the phase history pattern table and predict the next epoch’s phase (Sec-
tion 3.1.3). Second, the utility and energy predictor uses the next epoch’s phase as
well as its historical performance and energy measurements to predict the effects of
sprinting (Section 3.1.4). Third, the thermal tracker uses the previous epoch’s en-
ergy consumption to determine how much thermal headroom remains in the system
(Section 3.1.5). Finally, the sprinting coordinator aggregates predictions to decide

whether to sprint in the next epoch (Section 3.1.6).
3.1.2 Phase Classifier

UTAR classifies epochs into phases to facilitate the prediction of utility from sprints.
Epochs associated with the same phase exhibit similar characteristics such as instruc-
tion level parallelism, memory intensity, branch prediction accuracy, etc. UTAR cap-
tures these characteristics using hardware performance counters available on most
modern processors. UTAR uses a phase signature, defined by data from a few coun-
ters, to classify each epoch into a corresponding phase.

Phase Signature. UTAR constructs a phase signature from three performance
counters: the number of L1 and L2 cache misses per thousand instructions and the

number of branch mispredictions per thousand instructions (abbreviated L1, L2, BR
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MPKI).

These hardware counters present a number of advantages. First and foremost,
these counters are good indicators of program phase and cache utility. They mea-
sure activity in both datapath and caches, allowing them to distinguish between
program phases. Moreover, these counters are independent of last-level cache capac-
ity, producing the same phase signatures for the same instructions in both normal
and cache sprinting modes. Finally, these counters are available on most processors
and programs, making UTAR compatible and portable.

Phase Signature Boundaries. UTAR tracks phases and their corresponding
signatures during program execution. For each epoch, UTAR determines whether its
signature matches a previously observed phase or differs enough from prior signatures
to describe a new phase. UTAR makes this determination by specifying boundaries
around phases and their corresponding signatures. When a measured signature lies
within an existing phase’s boundaries, the epoch is associated with that phase. When
it lies beyond any existing boundary, the epoch is associated with a new phase.

An epoch with a phase signature of N counters can be viewed as a point in a
N-dimensional space with each counter being its respective coordinate. Figure 3.3
shows a 2D example in which a phase signature only consists of two counters: L1
MPKI and BR MPKI. In this example, the phase classifier has already identified
three phases: A, B and C, represented by the rectangles with the solid lines. The
dots within each rectangle represent the program epochs that have been classified
into the corresponding phase. Suppose the coordinates of the next epoch “x” are
within the rectangle of phase B, then x is classified into phase B, and phase B’s
boundary is updated after including x. However, suppose the coordinates of the
next epoch “y” are not within any of the existing rectangles, then y forms a new
phase D.

Algorithm 4 details the analysis of phase and signature boundaries. When an
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epoch ends, UTAR collects a signature for the current epoch PS.,,. The algorithm
determines whether that signature lies in the neighborhood of signatures for previous

observed phases PS;.[i].

Algorithm 4 Boundary-based Phase Classification
1: procedure CLASSIFY(PSy e[ ], PScur)
2:  PhaselD = -1

3 closest = INT_MAX

4 for PS; € PSy,. do

5 if for every C; € PS: MC}DE—W < Byq or
6: |PS;.Cj — PSeyr.Cj| < Baq then
7 dist = ED(PS¢yr, PS;)

8 if dist j closest then

9: closest = dist

10: PhaseID = PS;.PhaselD

11:  if PhaselD == -1 then

12: PS.,, forms a new phase

Phase signature PS; is within the boundary of signature PSs if, for every counter
C; in the signature, the relative difference between PS;.C; and PS;.C; is smaller
than boundary parameter B,q or the absolute difference between PS;.C; and P.S;.C;

is smaller than parameter B,q. We must assess both absolute and relative differences
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because comparisons between small values (e.g., those less than one) can produce
large relative differences. Finally, UTAR associates the current epoch with the near-
est signatures and phase based on the Euclidean distance.

Boundary Parameters. The values of B,; and B4 determine phase granularity,
which ultimately determines the total number of phases that describe the program.
The bigger the boundaries, the smaller the number of phases. On one hand, fewer
phases mitigate classifier overheads, which are linear in the number of phases. On
the other hand, more phases increase analysis granularity and permit more accurate
predictions of utility and energy. Finer granularities lower variance and improve
prediction for utility and energy for each phase. We set boundary parameters to
B,q = 0.30 and B,y = 2 and show, in Section 3.4.3, that these parameters require a
small number of phases yet predict utility and energy accurately.

Example. We illustrate phase classification using a simple example in Figure 3.4.
In this snapshot of the program execution, the phase classifier has already identified
3 different phases and recorded their corresponding phase signatures. At the end
of the current epoch, the phase classifier reads the phase signature PS.,., compares
it with the phase signature of each of the 3 phases and indentifies that it is within
the boundary of phase 2. The process is repeated for the next epoch. However, this
time, the phase classifier finds PS,e is not within the boundary of any exisisting
phase. As a result, the next epoch is assigned to a new phase with phaselD 3.

Note that UTAR does not use a standard classification algorithm like K-means
because that requires prior knowledge of k (i.e., the total number of phases in an
application) and it is impractical to know this value for every different applications.
Instead, the boudary-based classification approach allows UTAR to discover the num-
ber of phase clusters dynamically and thus is easy to adapt to different applications.
Moreover, invoking k-means at every epoch is computationally expensive thus less

desirable in a software runtime framework.
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Phase Classifier

PhaselD PS.(c,, €y, C3) IPC, IPC, E, E.
0 (2.52,1.56, 1.84)
1 (22.37, 16.34, 0.02)
2 (9.76, 9.53, 0.01)

PS.,. (9.76,9.78,0.01) = Phase 2
PS, o (2.01, 1.72,3.59) > New Phase: 3

FIGURE 3.4: Phase Classifier Example

3.1.3 Phase Predictor

UTAR implements phase prediction using a Global Phase History Table (GPHT)
predictor [38]. First, the classifier assigns the just-completed epoch to a phase.
Then, it uses the classified phase to index and update the history table. Finally, it
uses the table to predict the next epoch’s phase.

The green box in Figure 3.2 details the Global Phase History Table (GPHT). Its
main structure consists of a global shift register, called the Global Phase History
Register (GPHR), that tracks the last few observed phases. GPHR contents are
used to index into a Pattern History Table (PHT), which caches several previously
observed phase patterns (PHT Tags), their corresponding predictions for next phase
(PHT Pred-n), as well as recency information (Age/Invalid). When GPHR and PHT
tags do not match, the predictor falls back to Last Value Prediction, predicting the
last observed phase, stored in GPHR]0], as the next phase. Such table-based history
predictors are much more effective than simple statistical predictors, particularly for

highly variable programs [22, 38].
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This phase prediction strategy exploits the fact that many programs consist of
phases that have similar characteristics and behaviors. Accurately predicting these
phases dynamically, as the program runs, benefits various online optimizations such
as hardware reconfiguration, voltage and frequency scaling (DVFS), thermal man-
agement, and hotcode optimization [9, 35, 20, 34, 84, 5, 94, 38, 51]. Phase behaviors
are repetitive and prior work has proposed table-based history predictors to capture

past phase patterns for future prediction [22, 38|.
3.1.4 Utility and Energy Predictor

UTAR uses historical data, recorded in the phase classifier, to predict the utility from
sprinting in the next epoch. The classifier tracks, for each phase, four measures—
instruction throughput and processor energy when running in normal and sprinting
modes (IPC,, IPC;, E,, Ey).

Updating the Predictor. When an epoch is classified and assigned to a phase,
its performance and energy profile updates the classifier’s data corresponding to its
phase and mode. Initially, when the classifier encounters the first epoch observed
for a phase, it will record the performance and energy profile for either the normal
or sprinting mode. Later, when the classifier encounters the second epoch for the
same phase, the sprinting coordinator collects data for the other mode by initiating
or halting a sprint.

This mechanism ensures the classifier collects data for normal and sprinting modes
at least once for each phase, thereby exploring the utility from sprinting. After
the classifier has initialized a phase’s entry with its first two epochs, performance
and energy histories are updated automatically as the sprinting coordinator makes
decisions at run-time.

Recovering from Misprediction. The case of misprediction, in which two

epochs’ phases are classified incorrectly and thus share the wrong utility and energy
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history, causing the predictor to make incorrect sprinting decisions, (e.g., not sprint-
ing in high-utility epoch) is possible. We show in later section that UTAR achieves
very high accuracy. However, even in the rare case of misprediction, UTAR can re-
cover by accessing predictor confidence (based on age of table history) and exploring
sprints give low-confidence predictions of low-utility epochs.

Invoking the Predictor. The phase predictor forecasts the next epoch’s phase,
producing a phase ID. This ID indexes into the phase classifier’s table to produce
corresponding historical data for instruction throughput and processor energy, which

serve as the predicted utility and cost from sprinting in the next epoch.
3.1.5 Thermal Tracker

The thermal tracker monitors power dissipation and thermal headroom to constrain
sprint decisions. The tracker measures power dissipated by the system with either
live measurements or power models [2]. Power measurements drive a thermal model
that calculates the thermal headroom, which quantifies the amount of heat (measured
in Joules) that can be expended before exceeding the processor package’s thermal
capacitance. When the package uses an engineered phase change material [71], the

thermal model includes the following parameters:

® Cpem: The phase change material’s thermal capacitance, which determines the

amount of heat that can be buffered.

e R em: The phase change material’s thermal resistance, which determines the

maximum power that can be dissipated during a sprint.

® [package: The processor package’s thermal resistance, which determines how
quickly heat transfers from the phase change material into the ambient after a

sprint.
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e Rioa: The system’s total thermal resistance, which determines the processor’s

maximum sustained power.

Let us denote the system’s nominal power as P,, its sprinting power as P;, and
its thermal design point as F;. Furthermore, denote the system’s thermal headroom
as H,; at time t. Suppose the system sprints from t; to ¢, without exhausting the
thermal headroom and then operates in normal mode from ¢ to t3. We can estimate

the thermal headroom at these points in time.

H2 = Hl—(Ps—Pt)X(tQ—tl)

H3 = H2—|— (Pt—Pn)X(t5 —tg)
3.1.6 Sprinting Coordinator

The sprinting coordinator initiates and terminates sprints. The decision to sprint
must balance utility in the present and the future, a trade-off encapsulated by two
questions. First, how significant is utility in the next epoch U,y compared to po-
tential utilities further into the future? Second, if the system sprints and reduces
thermal headroom in the present, will it be able to sprint and exploit high-utility
epochs in the near future? Answers to these questions would permit the system to
use thermal headroom judiciously and enhance performance over the long run.

The coordinator pursues these objectives given predictions of utility and models
of thermal headroom for the next epoch. If the coordinator is aggressive and sprints
when utility is low, it may deplete the system’s thermal headroom that might have
been helpful further in the future. If the coordinator is conservative and does not
sprint when utility is low, it may lose an opportunity to translate thermal capacitance
into performance.

Thermal Proportional Threshold (TP-T). We propose a policy, TP-T, that

determines whether the coordinator initiates a sprint in the next epoch. Shown in
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Equation 3.1, TP-T sets a threshold for initiating a sprint Uypresnoia by multiplying
the fraction of the thermal headroom already consumed by the maximum utility
Umax derived from recent sprints (e.g., over the last ten epochs). The coordinator
initiates a sprint if predicted utility exceeds the threshold and the system possesses

sufficient thermal headroom.

Hconsurne
—consumed (3.1)

Uthreshold = Uvmax>< H
total

In effect, the coordinator treats thermal headroom as a resource whose value
varies depending on the amount available and it treats utility as the return from
spending that resource. As the amount of thermal headroom decreases, it becomes

more valuable and the coordinator requires a higher return when consuming it.
3.2 Cache Sprinting Architecture

We highlight the advantages of UTAR for cache sprinting, an instance of a new
class of sprinting techniques we call “microarchitectural capacity sprinting.” Cache
sprinting briefly expands the processor’s last-level cache (LLC) capacity beyond what
is dictated by the thermal design point. During normal operation, half of the LLC
ways are powered off and unused. During a sprint, the remaining ways are powered
on. When sprinting, the LLC dissipates more dynamic power as the cache supplies
more data in response to hits. Moreover, the LLC’s additional cache ways dissipate
more dynamic power as each access must check twice the tags. Finally, larger caches

dissipate more static power, independent of the number of accesses.
3.2.1 Case for Cache Sprinting

Cache sprinting complements prior mechanisms in computational sprinting that acti-
vate additional cores and boosts their frequencies. Sprinting with the last-level cache

serves memory-bound applications that do not benefit from boosted processor cores.
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Figure 3.5 shows the performance gains for two alternative sprint mechanisms
that consume 2W of extra power—scaling frequency and increasing LLC capacity—
on an Intel Xeon Broadwell processor. Scaling frequency from 2.1GHz to 2.3GHz
improves performance for compute-intensive applications by 10% on average but
has little effect for memory-intensive applications. In contrast, increasing cache
capacity from 2MB to 4MB improves performance for memory-intensive applications
significantly. Although the potential benefits of LLC sprints are significant, the
management mechanism must exploit that potential.

Sprints make sense only if the utility of increased cache capacity varies across
program execution, permitting sprints when utility is high and cooling when utility
is low. We find that this is indeed the case for most workloads and illustrate with
gce as an example in Figure 3.6. The x-axis shows epochs of 100M instructions
and the y-axis shows gcc speedup with a 4MB LLC over 2MB LLC in that epoch.
Utility varies from as little as 0% (an excellent time to cool) to as much as 80%, with
sustained periods of 70% (excellent times to sprint).

LLC has much lower power density than processor cores used in prior approaches
to computational sprinting [90]. Given the sprint’s smaller power delta due to the
cache’s lower power density and smaller difference between max and average power,
there is an opportunity to sprint longer and more aggressively before hitting ther-
mal constraints. Note that our framework generalizes beyond LLC sprints to other
memory microarchitectures or technologies. For example, 3D-DRAM could offer
hundreds of MB of LLC but would benefit from a sprint framework that exploits its

huge capacity while managing its limited cooling capabilities.
3.2.2  System Architecture

UTAR is a software runtime system that controls cache sprints. Software decides

when to sprint and communicates that decision to hardware via a control register.
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FIGURE 3.6: Performance gain: gcc-s04 running with 4MB LLC over baseline 2MB

Although full hardware control is possible and permits decisions at finer granularities,
software control permits more sophisticated management policies. The operating
system can track information about each process’s behavior and perform complex
computation at coarse granularities to make informed sprinting decisions that reflect
program behavior.

When a sprint starts, the additional cache ways are empty and require time to
fill. If the sprint is timed well, the ways fill with useful data, the hit rate increases,
and workload performance improves. As the sprint progresses, it consumes the chip’s
thermal headroom by raising the processor package’s temperature toward safety tol-
erances or transforming the phase change material into an amorphous state. The
sprint ends when the software (i.e., operating system) finds little utility from ex-
tra cache capacity or the hardware (i.e., thermal monitors) finds that the thermal

headroom has been exhausted.

Sprints must end with sufficient time and thermal headroom to write dirty data
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to memory before powering down. In an extreme case, every block in the additional
ways is dirty and block addresses are distributed poorly across memory pages. For
example, writing back 16MB of dirty data would require less than 500 microseconds,
a negligible transition delay given sprints that span several seconds.

Although software can make decisions about utility, it cannot be trusted with the
chip’s physical safety. Hardware must monitor thermal headroom and halt sprints,
even if it means overriding the operating system, when headroom is exhausted.
Specifically, hardware must set the machine state register’s (MSR’s) sprint bit to
zero and ignore writes to that register until thermal headroom has been sufficiently
restored so that the cache can safely sprint without jeopardizing thermal budgets.
Finally, in the event of a thermal emergency, the hardware controller can halt the

processor cores until cache ways are powered off.
3.3  Experimental Methodology

System Setup. We emulate LLC sprints on an off-the-shelf chip multiprocessor,
restricting its LLC capacity in nominal mode and restoring its capacity in sprint
mode. We focus our sprint evaluation on serial workloads running on a single core
and size LLC capacity accordingly.

Table 3.1 summarizes the system configuration. We conduct experiments on
physical hardware using an 8-core Intel Broadwell Xeon E5-2620 v4 processor. The
Xeon processor has a 20MB, 20-way last-level cache, which corresponds to 2.5MB per
core. In normal mode, we configure Intel’s Cache Allocation Technology(CAT) [31]
to restrict a core and its single-threaded program to use 2MB (not 2.5MB because
CAT uses way-partitioning to allocates cache capacity at one-way, 1MB granularity).
In sprinting mode, we permit a core to use 4MB of cache. Note that CAT maintains
the victim buffer when shrinking the last-level cache, mitigating the conflict misses

that would have normally occurred with a low-associative LLC.
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We configure the system to minimize interference and ensure deterministic re-

sults. First, we disable C-states and DVFS, fixing all cores’ frequencies to 2.1GHz.

Second, we disable the Watchdog hang timer as well as the Address Space Layout

Randomization. Third, we stop all non-essential system daemons/services. Fourth,

we use cset command for CPU shielding so that other processes will not run on

the core targeted for experiments. Finally, we run each application three times and

use the average number for all reported performance values. We collect the relevant

hardware counters’ values for phase signatures, from Section 3.1.2, using Performance

Application Programming Interface (PAPI) [91]. These numbers are collected every

100 million instructions using the PAPI overflow() function.

’ Field \ Value ‘

Core 8-core Broadwell, 2.1GHz

L1 Caches | 32KB, private, split D/I, 8-way

L2 Caches | 256KB, private, 8-way

L3 Cache | 20MB, shared, 20-way
Way-partitioning with Intel CAT [31]
Memory 8GB, RDIMM, DDR4 2400MT /s

0S Red Hat Enterprise Linux 7.5

Linux kernel version 3.10.0

Table 3.1: System Specification

Applications. We evaluate applications from the SPECCPU2006 [30], SPLASH2 [93]

and PBBS [82] benchmark suites. We focus on the 17 LLC-sensitive applications from

Figure 3.5, which exhibit higher performance gains from larger cache capacity than

with processor frequency scaling. Applications in SPECCPU2006 and SPLASH2, are

run to completion with the largest input size, which usually takes minutes. Applica-

tions in PBBS are much smaller and are run multiple times until the total number

of instruction is at least 100 billion, each time with a different input of roughly the

same size.
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Power Model. We estimate our system’s power consumption using Intel’s Run-
ning Average Power Limit (RAPL) driver [2]. Static power is estimated by measuring
a microbenchmark that only calls the sleep() function while dynamic power is mea-
sured during the execution (minus estimated static power).

On our system, the available RAPL domains only provide power for the package
(cores + LLC + memory controller) as a whole. We use CACTI and power break-
downs from prior work [14] to estimate the individual power of cores and LLC. In
summary, we estimate the nominal and sprinting power of a scaled system (single
core + 2MB LLC) to be 6W and 8W, respectively, in which LLC consumes about
1W per MB.

Note that we do not include DRAM power into the model because it does not
affect processor sprints. Processors and DRAMs are cooled separately thus off-chip
DRAM’s thermal budget is independent from the on-chip cores and caches’ thermal
budget. On the other hand, effective sprints should reduce DRAM power because
the additional cache capacity helps reduce memory traffic.

Thermal Model. Our thermal model is similar to that in prior work, which
integrates PCM close to the chip to increase thermal capacitance [71, 70]. Specifically
we consider paraffin wax, which is attractive for its high thermal capacitance and
tunable melting point when blended with polyolefins [69]. We consider the amount
of PCM that can absorb approximately 10J of heat before melting completely, thus
enabling a sprint spanning tens of seconds. Given paraffin wax’s latent heat of
200J /g, the system only needs to deploy 0.05g of PCM to provide such extra thermal
capacitance. Although processors exibit hotspots (e.g., register file), we assume
packages deploy thermal interface materials with low thermal resistivity to distribute
the heat prior to PCM contact [6].

Note that our experiments are performed on real hardware whose TDP already

accommodates 20MB-LLC, so no actual PCM is deployed, but the PCM parameters
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F1GURE 3.7: UTAR Performance: compared against various policies

affect the run-time system’s model of thermal headroom. Finally, the baseline system
has a TDP of 7TW for 1 core and 2MB LLC. We evaluate performance sensitivity to

these system parameters in Section 3.4.4.
3.4 Evaluation

We evaluate UTAR and its thermal-proportional threshold policy against several
alternatives. Since there is no prior work in managing LLC sprinting, we compare
against three other policies that vary in their knowledge of sprint utility and thermal
headroom.

Greedy (G) initiates a sprint whenever thermal headroom is available, ignoring
utility. Once thermal headroom is exhausted (i.e., PCM transition to amorphous
state completes), it waits for the system to cool and restore thermal headroom before
starting the next sprint.

Local-Oracle (LO) has perfect knowledge of sprint utility from all prior epochs
(Unistory) as well as the next epoch (Upext). It initiates a sprint if Uyey is greater than
the average of Upistory and stops otherwise. LO is an oracular policy, which represents
heuristics that only incorporate local information obtained through online profiling
or prediction. The sprint threshold is set based on utility alone.

Global-Oracle (GO) has perfect knowledge of sprint utility from all past and

future epochs in the program’s execution. It sorts epochs based on their sprint utili-
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ties and iteratively selects the epoch with the highest utility for sprinting execution.
If the selected epoch cannot sprint due to lack of thermal headroom, the epoch is
marked for normal execution and GO proceeds to the next epoch. GO uses global
information obtained through offline profiling and cannot be implemented online.
However, this policy provides an upper bound on performance from cache sprinting.

Thermal-Proportional Threshold (TP-T) predicts the sprinting utility of
the next epoch (Upext) and tracks the maximum utility observed from a sprint in the
recent past (Unpax). Then it sets the sprint utility threshold (Ugpreshola) by multiplying
the percentage of the already consumed thermal headroom and U,.. as shown in

Equation 3.1. Finally it initiates a sprint if U,ex exceeds Usnreshold-
3.4.1 UTAR Performance

Figure 3.7 shows the performance gains of LLC sprinting mechanisms, over a baseline
that operates under nominal power. UTAR~guided LLC sprinting improves perfor-
mance by 17%, on average, and by up to 40%. When compared with alternatives,
UTAR’s TP-T policy outperforms greedy heuristics and is competitive with the orac-
ular policies.

Comparison against Greedy (G). TP-T significantly outperforms G for 8 of
17 benchmarks because its sprints are more judicious and timely. Figure 3.8(a) shows
the probability density of sprint utility for three of these applications: gcc, ocean and
bfs (one from each benchmark suite). Their sprint utility distribution often appears
bimodal, revealing many epochs that benefit greatly from sprinting and many that
do not. The large variance in sprint utility offers TP-T an opportunity to spend its
limited thermal budget wisely to maximize performance gains. For instance, ocean
frequently achieves large performance gains between 50 to 60% and also achieves
small performance gain between 0 to 20%. TP-T is more likely to reserve its sprints

for the large gains. Greedy, on the other hand, could waste its thermal budget in
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FIGURE 3.8: PDF for utility: (a) bimodal, (b) unimodal

low-utility epochs and have insufficient headroom for high-utility ones.

Greedy performs comparably to TP-T for several benchmarks. Figure 3.8(b)
shows the probability density of sprint utility for three of these applications. They
often exhibit very small variance in sprint utility and all epochs benefit similarly
from sprinting. For example, most of soplex’s epochs report utility between 10 to
20%. There is not much opportunity to prioritize sprints for high-utility epochs.
As a result, TP-T’s threshold will be lower than the average sprint utility for most
epochs when thermal headroom is available. In effect, TP-T behaves very similarly
to greedy.

Comparison against Local Oracle (LO). TP-T’s performance is close to
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FIGURE 3.9: UTAR Sprinting Behavior: (a) ocean_ncp, (b) gee-s04

LO’s. Indeed, TP-T performs better than LO for 7 of 17 benchmarks. Although
LO has perfect knowledge of local utilities, its sprint thresholds neglect the sys-
tem’s current thermal conditions. As a result, LO can be sprint too conservatively
when thermal headroom is abundant and too aggressively when thermal headroom
is scarce. TP-T is aware of thermal constraints and paces its sprints according to
available headroom.

There are cases where LO outperforms TP-T and is close to GO (e.g., bfs, st)
due to two reasons. First, because of their bimodal utility distribution, when LO
sets sprint thresholds based on average of local utilities, the high-utility epochs will
also exhibit utilities greater than the thresholds. Second, these applications tend to
have a small number of recurring phases such that local information captures global
behavior.

Comparison against Global Oracle (GO). On average, TP-T performs within
95% of the performance upper bound set by GO. GO has perfect knowledge of sprint

utility for every epoch and perfect knowledge of the system’s thermal condition.
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This oracular knowledge persists even as epochs are selected for normal or sprint-
ing computation. The small performance gap between TP-T and GO indicates that
UTAR accurately predicts sprint utility and that the TP-T thresholds are effective

for pacing sprints to maximize performance gains over the long run.
3.4.2  Sprinting and System Dynamics

Figure 3.9(a) shows system dynamics during the complete execution of ocean ncp.
The orange line plots offline profiles of sprint utility. The green line plots online
measurements of sprint utility achieved from UTAR’s TP-T policy. Note that the

orange and green lines align in most cases. The red line shows the available thermal
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headroom. The blue line shows UTAR’s threshold for deciding to sprint.

The figure illustrates two major system behaviors. First, UTAR accurately iden-
tifies high-utility epochs and executes sprints during these times. For epochs that
benefit most from sprints, the orange line overlaps with the green line. Second, UTAR
dynamically adjusts its sprint threshold according to recently observed performance
data and the available thermal headroom according to the TP-T policy.

Ocean_ncp is representative of applications that have a few highly-repetitive
phases and have a bimodal utility distribution. UTAR can manage sprinting ef-
fectively for these applications because its phase classifier and predict can capture
phase behaviors effectively. Moreover, its TP-T policy can easily identify high-utility
epochs and trigger timely sprints.

Figure 3.9(b) shows the same system dynamics for a different type of application,
gce. Compared to ocean_ncp, gee has many more phases and those phases are much
less repetitive. Gee is representative of applications that go through many different
stages during their execution. This type of application is harder to manage as its
less predictable. However, we see that UTAR still performs well, sprinting at most
of the high-utility epochs and dynamically adapting the threshold to phases and
thermal budget. The gap between TP-T and GO is mainly caused by phase and

utility mispredictions.
3.4.8 UTAR Prediction Accuracy

Phase Classification. UTAR assigns epochs to phases as the first step in predicting
utility, which is critical to the effectiveness of the TP-T policy. We measure accuracy
by assigning an epoch to a phase tracked by the classifier and determining how
closely that phase’s performance predicts the epoch’s performance. Error is the
percentage difference between the phase’s instruction throughput and the epoch’s

actual throughput. Two design elements affect accuracy: the definition of the phase
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signature and the boundaries that define neighborhoods around phase signatures.

Figure 3.10 shows classification error when including varied hardware counters
in the phase signature. Including more performance counters in the phase signature
improves classification accuracy. A single counter can perform poorly (e.g., bzip2,
sa) and a second counter significantly improves accuracy. Moreover, using diverse
measures of activity improves accuracy. Among signatures defined by two counters,
combining either L1 or L2 MPKI with BR MPKI performs better than combining
L1 and L2 MPKI. L1 and L2 MPKI both characterize memory intensity while BR
MPKI characterizes datapath activity. UTAR uses all three counters to define phase
signatures that achieve high accuracy across all applications.

Figure 3.11(a) shows classification error when using varied boundaries (B,q)
around phase signatures. Smaller boundaries capture finer-grained phases and im-
prove accuracy. However, Figure 3.11(b) shows that finer-grained phases increases
the number of phases the classifier tracks, which increases overhead. UTAR sets
B.q = 0.3 to limit the number of phases yet accurately classify performance to within
97% of the actual value. Although narrowing boundaries (B,4 = 0.20) improves ac-
curacy slightly, it significantly increases the number of phases for a few applications.
On the other hand, broadening boundaries (B,q = 0.40) noticeably reduces accuracy
without much reducing the number of phases.

Utility Prediction. Figure 3.12 assesses how the phase classifier’s accuracy
translates into utility predictor’s accuracy. Error is the percentage difference be-
tween predicted and actual speedups from a cache sprint where speedup is predicted
from instruction throughputs reported by the classifier. Overall, UTAR accurately
predicts utility and sprint speedups to within 95% of actual values.

Utility prediction accuracy exhibits larger variance across applications than phase
classification accuracy. Some applications achieve higher accuracy because of their
relatively stable phases and sprint utility (e.g., omnetpp and fft). But some appli-
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Ficure 3.12: Utility prediction accuracy

cations are harder to predict because of high variance in their phases (e.g., bzip2)
and sprint utility (e.g., xalancbmk). The delaunnay and sa benchmarks report the
largest errors, for both phase classification and utility prediction, because they have

many epochs with similar phase signatures but different performance profiles.
3.4.4  Sensitivity Analysis

Thermal Design Power (TDP). We have been evaluating a system that operates
nominally at 6W, sprints at 8W, and is constrained by a 7W thermal design point.
For this system, the cooling duration that restores the thermal headroom must match
the sprint duration. The time spent generating heat at 1W above TDP must be
matched by time spent dissipating heat at 1W below TDP; the sprint-to-cool ratio
is 1:1.

Figure 3.13(a) presents performance under tighter thermal constraints where TDP
is set to 6.5W, closer to nominal power. As the gap between nominal and thermal
design power narrows, the system requires more time to cool after sprint. For our

parameters, the cooling duration must be 3x longer than the sprinting duration;
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FIGURE 3.13: UTAR performance sensitivity to (a) TDP (6.5W), (b) total thermal
headroom (5J), (c¢) sprinting intensity (6MB)

the sprint-to-cool ratio is 1:3. In effect, sprints become more expensive, degrading
performance gains from sprinting across all management policies.

Costly sprints reduce the system’s tolerance to poor decisions. TP-T’s advantage
over G grows under tighter thermal constraints (e.g., fft, bfs, mst). TP-T identifies
high-utility epochs and sprints judiciously whereas G luckily sprints during high-
utility epochs when thermal headroom was generous but suffers from poor decisions
when headroom becomes scarce. As sprints become more expensive, prediction ac-
curacy becomes more important and TP-T cannot compete wth oracular policies.
TP-T underperforms LO, which benefits from perfect knowledge of sprint utility
(e.g., bzip2, gce).

Total Thermal Headroom (TTH). We have been evaluating a system with
PCM that provides 10J of thermal headroom. Figure 3.13(b) presents performance

when headroom is halved to 5J. Performance is unaffected for most applications.
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Headroom determines the duration of a full sprint. For example, 10J permits our
system to sprint for tens of seconds. But when applications prefer sprints that exceed
the full duration, headroom impacts performance less than TDP because it does not
change the maximum sustainable sprint-to-cool ratio. As long as the application
derives varied utilities from sprints across time, TP-T will exploit low-utility epochs
for cooling and judiciously exploit thermal headroom by dynamically setting the
thresholds for sprints.

Sprinting Intensity (SI). We have been evaluating a sprint that doubles last-
level cache capacity from 2MB to 4MB. Figure 3.13(c) presents performance when
sprints triple capacity to 6MB. More intense sprints do not necessarily translate into
long-run performance and, in fact, only three applications benefit. As sprint intensity
increases to 6MB, sprint power increases to 10W and the maximum sustainable
sprint-to-cool ratio falls to 1:3.

Figure 3.14 shows the time spent sprinting when a sprint expands cache capacity
to 4AMB or 6MB. Unless performance from 6MB is much greater than that from
4MB, the more intense sprint does not justify the extra power. Cache capacity
suffers from diminishing marginal returns and most applications in our study do not
benefit significantly more at 6MB compared to 4MB.

When designing a system for bimodal operation, sprint or normal, architects must
understand applications’ performance sensitivities to resource allocations. Ideally,
the sprinting and normal modes are configured to maximize marginal performance
gains given a marginal resource allocation. If applications’ sensitivities vary, the sys-
tem could support multiple sprint intensities. UTAR could easily track performance
histories for each sprint mode and application phase, deciding which mode improves
performance most efficiently. Indeed, designing and managing multiple sprint modes
is an avenue for future work.

Comparison to Sustained Operation at TDP. We set our baseline, nominal
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power at 6W, which is 1W below the 7TW thermal design point that dictates sustain-
able power draw. However, we also compare UTAR against an operating point that
dissipates YW, assuming that the processor uses power to operate exactly at the
thermal design point. Because our models indicate that the system requires 1W of
power per 1MB of cache capacity, sustained operation at 7TW permits the sustained
use of a 3MB LLC.

Figure 3.15 compares performance from sprinting (dynamic 2MB and 4MB modes)
and sustained operation at TDP (static 3MB mode) relative to a baseline 2MB mode.
For applications that exhibit high variance in sprint utility, UTAR significantly out-
performs sustained operation at TDP. For applications that exhibit low variance,
performance depends on the application sensitivity to cache size. Some applications
(e.g., omnetpp) gain significantly more performance from a cache size much larger
than permissible under TDP and prefer an approach that alternates between sprint
and nominal modes. Other applications (e.g., xalancbmk and soplex) are insensi-
tive to cache sizes between 2MB and 4MB such that sustained operation with 3MB

matches the performance of sprint-and-cool.
3.5 Related Work

Computational sprinting has been applied to datacenters [83, 96, 28]. At such scale,
power constrains not only the processor chip but also the servers and clusters that
share a power supply. Uncoordinated sprints risk tripping the circuit breakers. Al-
though batteries can supply power to complete computation during power emergen-
cies, future sprints are forbidden until batteries recharge.

Management policies have been proposed to partition the last-level cache to min-
imize interference [49, 98|, maximize system throughput [12, 67, 25|, or improve
fairness [48, 60, 92, 95]. Performance-centric partitioning mechanisms often con-

struct miss rate curves (MRC), which characterize the miss rate as a function of the
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cache allocation. Utility-based Cache Partitioning (UCP) [67] use simple hardware
monitors to estimate the MRC, relying on the stack property of the LRU replace-
ment policy [54]. Prior work has also estimated the MRC in software [10, 74, 75, 88],
tracing memory addresses and using analytical models [10, 24]. Unfortunately, trac-
ing memory addresses is expensive and introduce significant slowdowns over native
execution. Ubik [42] predicts and exploits the transient behavior of latency-critical
workloads to maintain their tail latency. However, transient behavior is not always
analyzable for all partitioning schemes (e.g., way-partitioning). Ubik also makes
assumptions about future cache microarchitectures (i.e., Vantage).

Most dynamic phase analysis techniques observe that performance is strongly
correlated with executed code [79, 20, 80, 21, 76]. These techniques often collect
some form of execution frequency vectors (EFV) that identify the code executed at
some point in time. Prior works have constructed EFVs with instructions [79, 20, 76]
or basic blocks [80, 21]. Unfortunately, EFVs are expensive because they record mul-
tiple samples of instruction addresses for accuracy. Because of performance counter
skid [3], recording the precise instruction address requires tools like Intel PEBS [1]
which introduce additional overhead [76].

Prior work have used dynamic phase analysis to predict future application be-
havior [22, 81, 97, 78, 37, 38]. Observing that phases recur, prior studies use a
table-based history predictor to capture past phase patterns [22, 38]. These tech-
niques often tailor phase definitions and boundaries for specific optimization. For
example, prior work define phases based on the ratio of memory bus transactions
to micro-ops and statically determines phase boundaries to guide DVFS [38]. More

sophisticated dynamic resource management requires more careful phase definition.
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3.6  Conclusion

We propose UTAR, a software runtime system that manages sprints intelligently
based on the application’s sprint utility and the system’s thermal headroom. We
also propose cache sprinting, which dynamically allocates last-level cache capacity.
With a modest amount of thermal headroom provided by phase change materials,
UTAR-guided cache sprinting can improve performance by 17% on average and up
to 40% over a non-sprinting system. Moreover, the system performs within 95% of

a globally optimized oracular policy.
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4

Coordinated Multi-resource Sprinting

Sprinting is a class of mechanisms that temporarily boost performance at the cost of
consuming power more than it is allowed by a system’s thermal envelope. Prior work
has proposed sprinting on processor cores by activating more cores and/or increasing
core frequency. In previous chapter, we proposed a new sprinting mechanism by
briefly expanding last-level cache capacity. Because these sprints focus on different
microarchitecture components, their effectiveness depends on the degree of benefits
different applications would obtain given additional amount of those components.
Compute-intensive applications tend to benefit more from boosting core frequency
while memory-bound applications are more likely to prefer increasing last-level cache
capacity. Even within a single application, it is very likely that different phases would
stress different resources. As a result, there is a great opportunity for designing a
system that is capable of sprinting on multiple types of resources to exploit the full
performance potential.

In this Chapter, we propose the idea of coordinated multi-resource sprinting and
demonstrate this idea with frequency sprinting and cache sprinting. Observing that

these two types of sprints complement each other (i.e., an application phase is likely
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to only benefit from one of these two sprints), we propose UTAR+, an extension
of UTAR which we proposed earlier to manage single-resource sprints, to manage
both of these sprints at the same time. At the beginning of each epoch, UTAR+
identifies phases, estimates the utility and cost of each sprints for that epoch and
decides whether to sprint as well as which resource to sprint based on the estimated
utility and current available thermal headroom. We also show that by treating these
resources like knobs that can be tuned both ways, sometimes one can be tuned down
to enable the other to be tuned up further (i.e., reduce frequency to allow more
cache capacity for cache sprinting). UTAR+ is capable of making such tradeoffs
using simple heuristics based on previous sprinting results.

We implement UTAR+ in software and evaluate it using a wide range of ap-
plications. We prototype the run-time system on an Intel Xeon Broadwell that
supports last-level cache allocation via Intel Cache Allocation Technology and fre-
quency scaling. We show that UTAR+-guided multi-resource sprints improve perfor-
mance by 22% on average and by up to 83%. In many cases, UTAR+ (multi-resource
sprints) outperforms UTAR(single-resource sprints) significantly by identifying dif-

ferent sprinting preferences and trading off power budget accordingly.

4.1 Case for Multi-resource Sprinting

4.1.1 Heterogeneous Resource Demands

Applications today are becoming increasingly diverse and complicated, with many
different functionalities usually encapsulated in a single software product. As differ-
ent functionalities are invoked by users, applications often demands different type as
well as the amount of computer resources. For example, a Google map user might
zoom in or zoom out maps on his/her phone to look for a specific location, or might
just enter the name of the location and let the Google find the quickest path. The

zooming part only needs loading maps thus is very likely to be memory bound, while
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FIGURE 4.1: Performance gain: rayCast running with 2.3GHz + 2MB LLC over
2.1GHz + 4MB LLC (no sprint is: 2.1GHz + 2MB LLC)
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FIGURE 4.2: Performance gain: gcc running with 2.3GHz + 2MB LLC over 2.1GHz
+ 4MB LLC (no sprint is: 2.1GHz 4+ 2MB LLC)

the navigation part requires lots of computation (e.g., traffic delay) and thus is more
compute intensive.

If the system only considers sprints with a single resource (e.g., core frequency
or last-level cache capacity), it can only accelerate one of these tasks and forgo the
other. With multi-resource sprinting, by identifying the correct resource to sprint
on, the system can adapt to applications’ different resource demand and reach the
full performance potential.

Figure 4.1 compares the performance gains over time of the application rayCast
from PBBS [82] benchmark suite with two alternative sprint mechanism that con-
sume roughly 2W of extra power—scaling frequency versus increasing LLC capacity—
on an Intel Xeon Broadwell processor. This figure clearly shows that rayCast repeat-

edly goes through several different phases that prefers different sprinting resources.
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FIGURE 4.3: Performance gain: bzip running with 1.9GHz + 5MB LLC over 2.1GHz
+ 4MB LLC (no sprint is: 2.1GHz + 2MB LLC)

Another example can be seen in Figure 4.2 with application gce from SPEC2006
benchmark suite. Gee differs from rayCast in that most of its parts that benefit
from frequency sprinting more than cache sprinting are at the beginning of the pro-
gram, where thermal headroom is abundant. If the system only considers cache
sprinting it would have wasted the opportunity to boost performance for almost one

third of the application.
4.1.2  Tradingoff Resources for More Intense and Longer Sprints

Even if an application mostly prefers single-resource sprinting, having multiple re-
sources in the decision making process can still be useful because we can treat re-
sources like knobs that can be tuned both ways. Thus tuning one resource down
can free power budget to tune up the other resource further. Figure 4.3 illustrates
such an example using the bzip2 application, this time, with only the cache sprinting
mechanism but at two different intensity levels: 4MB and 5MB. In order to keep the
power consumption roughly the same for fair comparison, the one with larger cache
capacity is compensated by turning down the frequency from 2.1GHz to 1.9GHz.
This figure shows that in the last one third of the program, bzip achieves better
performance if it “trades” frequency for cache capacity. This makes sense because
higher clock frequency is less useful if the application is in a phase that frequently

misses the last-level cache and waits on memory accesses. Not only can the system
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FIGURE 4.4: Performance comparison: single-resource vs multi-resource sprints over

2.1GHz + 2MB LLC

trade one type of resource for the other for a higher-intensity sprint, it can also do so
to enable a longer sprinting duration. For instance, suppose the target application
is going through a lengthy memory-intensive phase that would need more thermal
headroom than what is provided by the deployed phase change material. The system
can turn down core frequency when the thermal headroom is about to be exhausted,
“stay even” on TDP and still be able to keep sprinting on cache capacity till the end

of that phase.
4.1.8  Performance Improvement Opportunity

Figure 4.4 shows the performance gains achieved by three different sprinting mecha-
nisms with oracular policies for all the applications in PBBS benchmark suite. The
baseline is a single core running at 2.1GHz with 2MB of last-level cache. “Oracle-
cache” sprints by increasing LLC cache capacity to 4MB. “Oracle-freq” sprints by
increasing core frequency to 2.3GHz and “Oracle-multi” includes both of these op-
tions and can also trade core frequency for cache capacity with a sprinting option
at 1.9GHz + 5MB LLC. The oracular policies have perfect knowledge of the util-

ity(speedup) achieved by each sprinting mechanisms for each epoch and work by
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prioritizing sprinting on the high-utility epochs. For “Oracle-multi” this means each
epoch, if chosen to sprint, will pick the mechanism that gives that epoch the highest
utility. Note, all these sprinting configurations consumes the same extra power over

the baseline (2W).
4.2 Managing Multi-resource Sprinting

In the previous chapter, we proposed UTAR, a utility and thermal aware software
runtime that is capable of dynamically managing sprints with high accuracy and low
overhead. UTAR uses serveral common performance counters to construct “phase
signatures” and then use them to discover and predict phases as programs run.
UTAR explore the sprinting opportunity for each phase and record utility/energy
histories. Together with actively tracked thermal headroom, UTAR is able to assess
“whether it is worth to sprint in the next epoch”.

Although UTAR is designed to be applicable to not just one sprinting mechanism
(e.g., cache sprinting). It is not designed to manage multiple sprinting mechanisms
simultaneously. To manage single-resource sprints, UTAR only needs to make a
binary decision at each epoch: sprint or not sprint. With multi-resource sprints, the
management framework not only need to decide whether to sprint, but also which
type of resource to sprint with. Moreover, if one considers to trade off resources to
allow multiple “intensity levels”, then it needs to determine that as well.

Although the decision making process becomes more sophisticated in a multi-
resource sprinting setting, the underlying principles to make those decisions stay the
same. On the high level, the management framework still needs to access the utility
(but for multiple resource types and intensity levels), track the thermal headroom
and make decisions with a goal of maximizing performance under thermal constraints
over long run. We propose UTAR+, an adapted version of UTAR that is capable of
managing multi-resource sprinting, specifically frequency sprinting and cache sprint-
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FIGURE 4.5: UTAR overview

ing, at the same time.
4.2.1 UTAR Overview

Figure 4.5 presents an overview of previously proposed UTAR(Section 3.1). UTAR
manages single-resource sprinting by collecting data about the previous epoch. When
an epoch ends, the phase classifier assesses hardware performance counters, which
supply the phase signature, to decide whether the epoch corresponds to a previously
observed phase or a new one. UTAR then makes a series of predictions about the
next epoch to decide whether to sprint. First, the phase predictor uses the most
recently completed epoch’s phases to query the phase history pattern table and pre-
dict the next epoch’s phase. Second, the utility and energy predictor uses the next
epoch’s phase as well as its historical performance and energy measurements to pre-
dict the effects of sprinting. Third, the thermal tracker uses the previous epoch’s
energy consumption to determine how much thermal headroom remains in the sys-
tem. Finally, the sprinting coordinator aggregates predictions to decide whether to

sprint in the next epoch.
4.2.2 UTAR+: What’s Unchanged/Changed

Among the different components of UTAR, the phase classifier, the phase predictor

and the thermal tracker remains unchanged. These components take inputs from the
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performance and energy counters from the system monitor and thus are independent
of which sprinting mechanism used. The Thermal-Proportional Threshold (TP-T)
policy also does not need to be changed because its principle functionality is to
determine the significance of the sprinting utility given a certain available thermal
headroom, which still applies in the multi-resource sprinting setting.

To be able to manage multi-resource sprinting, at minimum, UTAR needs to
assess and compare the utility of each possible sprinting “configuration”. This means
as new phases are being identified by the phase classifier, the sprinting coordinator
needs to actively exploring sprinting with each configuration for each phase and
record the utility and energy history. Once it has all the history data, the sprinting
coordinator then can pick the configuration that has the highest utility to sprint with

if the TP-T policy indicates that utility is worthy of sprinting.
4.2.3 UTAR+: Optimizations

The key to an effective and efficient management framework in the multi-resources
sprinting setting is to quickly and accurately identify the sprinting mechanism and
intensity that offers highest performance/watt. UTAR is already shown to be highly
accurate in utility prediction (Figure 3.12). However, it is not efficient to blindly ex-
plore every sprinting option for newly discovered phases, especially when the number
of options increases. UTAR+ takes several approaches to minimize the number of
sprinting exploration.

Filter Using Last-level Cache Misses. The first step is to determine the
sprinting mechanism. UTAR+ uses the L3_MPKI (i.e., last-level cache misses per
kilo-instruction) performance counter to filter out some easy-to-decide scenarios.
L3_MPKI is usually a good indicator of memory intensity of a particular program
phase. A low L3_MPKI number indicates a small number of memory accesses. Fig-

ure 4.6 shows each program phase’s preference for two different sprinting mechanisms
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in relation to the L3_MPKI of that phase. Similar to previous setting, the baseline
configuration has a 2.1GHz core and 2MB of last-level cache. The system can either
sprint by boosting frequency to 2.3GHz or increase LLC capacity to 4MB (both con-
sumes roughly 2W of extra power). Each dot in this figure represent an epoch of 100
million instructions in PBBS benchmark suite and y-axis represents the performance
improvement cache sprint has over frequency sprint. If we draw two threshold lines
at L3_MPKI = 5(red) and L3_MPKI = 25(green), we can see that almost all the
epochs on the left of the red lines prefer frequency sprinting while almost all the
epochs on the right side of the green line prefer frequency sprinting. Using these
L3_MPKI thresholds, UTAR+ can quickly identify the proper sprinting mechanism
for epochs that are either very compute-intensive or very memory-intensive.

Filter Using Cache Sprinting Utilities. For epochs that fall between these
two thresholds lines, it is hard to determine their preferable sprinting mechanism
just based on the L3_MPKI value. However, UTAR further filters out unnecessary
sprinting explorations by initiating a cache sprint and assessing the resulting utility.
The observation here is that cache sprinting and frequency sprinting are two com-

plementary mechanisms, if UTAR+ sees a high utility result from the cache sprint
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for a particular epoch, it is unlikely that a frequency sprint instead will achieve
higher utility. Figure 4.7 shows program phases’ preference for cache sprinting and
frequency sprinting over cache sprinting utility. The blue line is the break-even line
so epochs on the upper left side of the blue line prefer cache sprinting and vice versa.
If we draw a threshold line at cache sprint utility = 10%, we can see that almost
all the epochs above the green line prefer cache sprints. Using this utility threshold,
UTAR+ further filters out a large number of epochs that would not need exploration

for frequency sprinting.
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After determining the sprinting mechanism, a similar approach can be used to
filter out unnecessary explorations when deciding the sprinting intensities. Figure 4.8
shows programs phases’ preference for two cache sprinting intensities. Note that in
the higher-intensity configuration (5MB), the frequency is reduced to 1.9GHz to keep
the extra power consumption the same. The observation here is that the epochs that
already show high utility in the low-intensity sprints are more likely to prefer trading
frequency for more cache capacity while those exhibit low utility usually prefer stay
with low-intensity cache sprints. Again using the two utility threshold lines indicated
in the figure, UTAR+ further reduces the number of exploration when determine the
sprinting intensity.

Filters’ Thresholds. The thresholds lines in previous figures are drawn from
observations on large amount of empirical data (i.e., tens of thousands of epochs)
which can be obtained through offline profiling. However, even without offline pro-
files, UTAR can still gradually learn these thresholds values online. For instance,
for the two L3_MPKI thresholds that filters out “high-likelyhood” epochs in Fig-
ure 4.6, UTAR+ can start with a relatively small threshold value for the red line
(e.g., 1I3-MPKI = 1) and a relatively big threshold for the green line. As UTAR~+
gradually collects utility data from the coming epochs, the threshold value can be
updated by observing the correlation between the epoch’s 13_MPKI and sprinting
preferences (e.g., if it sees many epochs that have 1I3_-MPKI = 2 and have very low

cache sprinting utility, the red line is moved towards the right).
4.3 Experimental Evaluation

We took a similar experimental setup we used for UTAR in the previous Chapter 3.3.
We emulate cache and frequency sprints on a 8-core Intel Broadwell Xeon E5-2620
v4 processor. The baseline is set with a 2.1GHz core and 2MB of last-level cache.

We consider three configuration for sprints which cost roughly the same amount of
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extra power: (1) frequency sprint(FS) with 2.3GHz, 2MB (2) low-intensity cache
sprint with (LCS) with 2.1GHz, 4MB and (3) high-intensity cache sprint(HCS) with
1.9GHZ, 5MB. We use Intel’s Cache Allocation Technology to dynamically changing
last-level cache capacity and use cpupower tool to dynamically change core frequency.

We evaluate UTAR+ and multi-resource sprints against UTAR-guided single-
resource sprints and an oracular mechanism. UTAR_Freq only considers frequency
sprints while UTAR_Cache only considers cache sprints without trading frequency.
UTAR_Multi considers all above three sprints and Oracle_Multi that has perfect
global knowledge of utility and thermal information ( 4.1.3).

UTAR+ Performance. Figure 4.9 shows the performance gains of these four
different sprinting mechanisms, over a baseline that operates under nominal power.
UTAR+-guided multi-resource sprinting improves performance by 22%, on average,
and by up to 83%. It outperforms UTAR-guided frequency/cache sprinting and
performs very close to the oracular mechanism.

Sprints Breakdown. To better understand where the performance improve-
ment comes from for muli-resource sprinting, Figure 4.10 breaks down the percent-

age of epochs in each of the possible mode for all the applications. We see that
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because this set of applications prefer cache sprinting over frequency sprinting, most
of the performance gains of multi-resource sprinting over single-resource sprinting
come from trading frequency for more cache capacity, indicated by big size of green
bars. Mst is the only application that have a significant number of epochs that
prefer frequency sprinting, and UTAR+ is able to capture those epochs to further
improve performance. For some applications like remDups and dict, the best op-
tion is to sprint on cache without trading frequency, this is probably because they
have a smaller working data set that mostly fits into the 4MB cache, and the benefit
brought by an additional MB of cache does not outweigh the performance loss caused
by reducing frequency. These figure demonstrates UTAR+ is effective in matching
application’s resource demands with the most profitable sprinting option.
Prediction Accuracy. Figure 4.11 shows UTAR+ prediction accuracy. Mis-
prediction is counted if the predicted highest sprinting utility and the actual highest
sprinting utility of an epoch differs more than 1%. On average, UTAR+ achieves high
prediction accuracy, predicting above 94% of the time within 99% of actual utility
values. The degree of mispredictions and the resulting performance loss varies across

applications. For applications like sa, mis and sort, because their utility differences
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between different sprinting options (e.g., LCS and HCS) are relatively small, the
chances of mis-predictions are higher. However, for the same reason, mispredictions
contribute less to performance loss. On the other hand, applications like st have
a huge utility difference between LCS and HCS, and thus even a small number of

mispredictions can have a bigger impact on the performance loss.

4.4 Conclusion and Future Directions

In this Chapter, we propose the idea of multi-resource sprinting and UTAR+, a soft-
ware runtime system capable of identifying applications’ resource demands and co-
ordinating between different sprinting mechanisms. We show UTAR+-guided multi-
resource sprints improve performance over 22% for a variety of applications. We use
frequency and cache sprints to demonstrate the effectiveness of UTAR+ and multi-
resource sprints, but the general framework applies to other types of microarchitec-
tural resources as well. In the future we plan to look into other microarchitectural
components like reorder-buffer, load store queues, etc. These resources are power-
hungry but have great impact on system performance and thus are good candidates

for multi-resource sprints.
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5

Conclusions

Computer architects used to put most of their efforts on hardware designs. There was
a famous quote saying “Anything software can do, hardware can do it better”, where
better mainly means better performance. In the era of dark silicon, performance
though still very important, is no longer the only design target, other metric like
power-efficiency is becoming equally crucial and cracking hardware alone is no longer
desirable in achieving all these targets. Instead, in order to improve performance in a
power-efficient way, we have to rely more on software, but hardware needs to provide
new mechanisms. These can be at instruction set architecture level, and we rely on
compiler to do more optimizations, or this can be at system management level, and
we rely on operating system to re-allocate resources more efficiently.

This thesis presents three pieces of works that using a software/hardware code-
sign approach to improve the performance of computer systems under power con-
straints. The first work looks into approaching out-of-order core performance in an
in-order design through the co-design of instruction set architecture, compiler and
microarchitecture. The proposed decoupled-load instruction extension together with

tailored scheduling algorithms from the compiler and support from hardware, im-
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proves performance in a power-efficient way. My second work shift toward designing
software runtimes to manage a mechanism (i.e., sprinting) that can be very helpful
in post dark-silicon era. The proposed UTAR framework takes advantages of simple
and already available hardwares (e.g., performance counters) to analyze applications’
behaviors and resource demands and make decisions accordingly, maximizing per-
formance gains over a long period of time. My third work builds upon UTAR with
enhancements to support managing multiple type of sprinting resources. The pro-
posed UTAR+ quickly identifies the resource preference for a particular application
phase and matches it with the proper sprinting mechanism and intensity, further
improving performance for a variety of applications.

Throughout my journey towards this thesis, many lessons have been learned,
from identifying interesting research problems, to proposing meaningful solutions,
to validating the experimental results. As a computer architect, I often find myself
immersed in “hands-on” matters, whether it be debugging a piece of software or
setting up hardwares for experiments. At those moments, as I am focusing on very
little details, it is easy to lose the big picture and become narrow-minded. Thus
I find it very helpful during those moments to take a step back and think about
some broad questions of my research. What is the impact of my research ? Does
my solution have broader applications 7 Can future technology take advantage of
my research ? These questions should definitely be asked at the early stage of your
research, but they should be revisited throughout the entire process to help you
stay focused on your paths and goals. Very often there are more than one way to
approach a problem, some are easier and thus might produce results more quickly
but less conclusively. Other approaches take more time and efforts but the results
can be applicable immediately. Just like computer architecture is all about making
tradeoffs, researchers should be aware of the pros and cons of the approaches they
are taking and make proper tradeoffs at different stages of their research process.
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Finally, communication is one of the, if not the most important skills researchers
need to master. You can not make impactful research if you work behind closed
doors. Share your ideas and get feedbacks from your professors, colleagues and even
students. Don’t be afraid of what other people might say or think about your ideas.
Positive feedbacks are going to make you more confident and negative feedbacks are
going to make you more critical. In the end, you will find them helpful in improving

the quality of your research as well as growing as a person.
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