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ABSTRACT

Author: Hbeika, Jad. PhD
Institution: Purdue University
Degree Received: May 2019
Title: Techniques for Managing Irregular Control Flow on GPUs
Committee Chair: Milind Kulkarni

GPGPU is a highly multithreaded throughput architecture that can deliver high
speed-up for regular applications while remaining energy efficient. In recent years, there
has been much focus on tuning irregular applications and/or the GPU architecture to
achieve similar benefits for irregular applications as well as efforts to extract data
parallelism from task parallel applications. In this work we tackle both problems.

The first part of this work tackles the problem of Control divergence in GPUs.
GPGPUs’ SIMT execution model is ineffective for workloads with irregular control-flow
because GPGPUs serialize the execution of divergent paths which lead to thread-level
parallelism (TLP) loss. Previous works focused on creating new warps based on the
control path threads follow, or created different warps for the different paths, or ran
multiple narrower warps in parallel. While all previous solutions showed speedup for
irregular workloads, they imposed some performance loss on regular workloads. In this
work we propose a more fine-grained approach to exploit intra-warp convergence: rather
than threads executing the same code path, opcode-convergent threads execute the same
instruction, but with potentially different operands. Based on this new definition we find
that divergent control blocks within a warp exhibit substantial opcode convergence. We
build a compiler that analyzes divergent blocks and identifies the common streams of
opcodes. We modify the GPU architecture so that these common instructions are
executed as convergent instructions. Using software simulation, we achieve a 17%
speedup over baseline GPGPU for irregular workloads and do not incur any performance
loss on regular workloads.

In the second part we suggest techniques for extracting data parallelism from
irregular, task parallel applications in order to take advantage of the massive parallelism

provided by the GPU. Our technique involves dividing each task into multiple sub-tasks
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each performing less work and touching a smaller memory footprint. Our framework
performs a locality-aware scheduling that works on minimizing the memory footprint of
each warp (a set of threads performing in lock-step). We evaluate our framework with 3
task-parallel benchmarks and show that we can achieve significant speedups over

optimized GPU code.
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1. INTRODUCTION

1.1 The Basics

GPUs were initially developed to enable real-time rendering in video games.
While graphic acceleration is still among its main purpose, GPUs proved to be efficient
in different computation domains and today we can find GPUs in many systems like:
supercomputers, datacenters, laptops and even smart phones. The use of GPUs as general
purpose computation platforms started around the year 2006 with the breakdown of the

Dennard scaling.

1.2 Breakdown of the Dennard Scaling and its Effect

While improvements in architecture, microarchitecture, compilers and algorithms
all led to computer systems increased performance over the last decades, the major
improvements can be contributed to transistor scaling which allowed drastic raise in

clock frequencies.

Dennard (1974) [1] concluded that voltage and current should be proportional to
dimensions of a transistor. As transistors were scaling down in size the reduction of
voltage allowed running circuits at higher frequency while keeping the dynamic power

the same.

Power =o.CFV?

C: capacitance
F: frequency
V: voltage
Alpha: percent rime switched

Dennard scaling ignored the leakage current and threshold voltage which could not be
reduced further as transistor size were scaling further down. This created a “Power wall”

that limited CPUs clock frequencies to around 4 GHZ around 2006.
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Improving performance beyond this point relies mainly on new efficient architectures and
the use of hardware accelerators. Since the “power wall” Multicore systems as well as the

use of GPUs outside of the graphics world became hot research topics.

1.3 From ILP to TLP

For decades the main approach in exploiting parallelism was through extracting
instruction level parallelism (ILP) from a single thread. Extracting ILP requires complex
scheduling logic, branch prediction, larger caches etc. and aims at speeding up the

execution of a single thread.

Over the recent years the attention shifted toward exploiting thread level
parallelism (TLP) due to the diminished returns of further exploiting ILP [2]. Thread

level parallelism relies on

1) Software developer’s effort to write their applications as a set of threads that can
execute in parallel

2) Hardware support that allows execution of these threads in parallel

GPUs offer a throughput oriented architecture, that exploit TLP through fine grain
multithreading. As shows in Figure 1, GPUs offers a high theoretical computation power
compared to conventional CMPs. This theoretical computation power coupled with the
programmability that improved with the introduction of new programming models
opened new opportunities to speed up performance. Note that the margin between the
theoretical peak GFLOP/sec of GPUs and CPUs shown in Figure 1 did shrink with the
introduction of Xeon CPUs (2012) which are based on the Sandy bridge architecture and

the introduction of dual-issue floating point units (2014).

The order of magnitude of speedup that GPUs offer over CPUs for regular
applications does not hold for irregular applications. GPUs batch a group of threads and
execute the batch, known as a warp, in lockstep in order to amortize the cost of fetch,
decode and accessing the register files. Applications with threads following different

control paths are known as irregular applications. Irregular applications, when running
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on a GPU, alter the lockstep execution since different threads follow different paths.
Baseline GPUs serialize the execution of diverging threads within a warp, resulting in

TLP loss. Hence, a major challenge for GPUs is efficiently handling irregular control

flow.
Theoretical Peak Performance, Single Precision
10*
3
@ 10°
o
Q
[T
G}
10° |- - - Mg r : INTEL Xeon CPUs =—she— ]
X Bx ' '
+© 4 N : : NVIDIA GeForce GPUs —Jil—
: : : AMD Radeon GPUs —@)—
INTEL Xeon Phis =g
1 L L L L
2008 2010 2012 2014 2016

End of Year

Figure 1: Theoretical peak GFLOP/sec for CPU vs GPU [36]

1.4 Contributions

The contributions of this thesis can be divided into two main parts:

1) The contributions of the first part titled “Opportunistic Inter-Path Re-

convergence” are:

a. We propose a more fine-grained approach to exploit intra-warp
convergence by introducing the concept of opcode-convergent

threads which execute the same instruction, but with potentially

different operands.
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b. We develop a compiler analysis based on longest common
subsequence (LCS) [40] that identifies opcode convergence among
divergent basic blocks and annotates the code so that it runs on our
modified architecture.

c. We modify the GPU architecture so that opcode convergent
instructions are executed as convergent instructions.

d. We quantify the percentage of common sub-blocks that exist among
divergent basic blocks in a set of irregular GPU applications.

e. Using software simulation, we run irregular GPGPU workloads
taking advantage of opcode convergence and we achieve 17%
speedup over baseline architecture without introducing any
performance loss on regular workloads.

2) The contributions of the second part titled “Locality-aware task-parallel execution
on GPUs” are:

a. We propose a locality-aware, task-queue abstraction for mapping task-
parallel applications to GPUs.

i. The proposed technique first extract data parallelism from the task
parallel application by expanding task parallel work on the CPU}to
generate a large number of tasks.

ii. These tasks are then inserted into one or more task queues
according to the type of computation they perform and, crucially,
the locality properties of the tasks.

iii. These queues are then merged into a single queue that is sent to the
GPU, where they are executed in a data-parallel manner, with each
task executing to completion on the GPU.

b. We evaluate this queue abstraction on three applications: the fast
multipole method, nearest-neighbor and two-point correlation. Our
technique shows significant speedup for all three applications. And it

yields to 50x speedup for one implementation of nearest neighbor.
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1.5 Organization

The rest of the thesis is organized as follows:

Chapter 2 provides a detailed discussion of the GPU architecture and the SIMT
execution model.

Chapter 3 provides an overview of the previously suggested solutions to the
problem of control divergence in the literature.

Chapter 4 describes our proposed solution “Opportunistic Inter-Path Re-
convergence”.

Chapter 5 describes the simulation methodology, the three tools that we built (or
modified in case of GPGPU-sim) and our experimental results.

Chapter 6 is dedicated for our work on “Locality-aware task-parallel execution on
GPUs”, where we explain the proposed idea, the implementation and show the

results of three task parallel applications.



2. OVERVIEW: THE GPU ARCHITECTURE AND THE SIMT

2.1 GPU Architecture

EXECUTION MODEL
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Figure 2: A generic GPU architecture
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performance, compared to superscalar out of order CPUs, from using heavy

multithreading. In order to run thousands of threads, GPUs are made of many cores.

Figure 3 below shows a modern Turing TU102 GPU by NVIDIA, which consist of 72

cores. A core in a GPU is usually made up of 32 (or 64) lanes which allows running 32(or

64) threads in lockstep in any given cycle. By context switching between different warps

a set of 32(or 64) threads executing in lockstep each core in a GPU is capable of running

thousands of threads. Threads executing on a given core can communicate results through
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a scratchpad memory. Moreover, different warps running on a given core can
synchronize using fast barrier operations. Each core has its own instruction cache and L1
data cache. Memory uses multiple channels in order to increase the data transfer rate.
The parallelism in the memory system is a must in order to sustain the high computation
throughput. The GPU cores and memory partitions are connected via an on-chip

interconnection network.

PCI Express 3.0 Host Interface

Memory Controller
10(100u07 Kiowaw

Memory Controllar
Jaflonu0) Aiowon

10100u0) Asowow

Memory Controller

S
S
3
3
3
o
g
2
s
3

Momory Controller

104]0nU0Y Asowow

Memory Controller

10100009 Kiowon

Memory Controller

NVLink - Two x8 Links

Figure 3: Turing TU102 full GPU with 72 SM units.
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2.2 Core Architecture

GPGPU cores are simpler cores than the cores used in a CPU. They do not
implement any of the fancy architecture features that speedup the execution of single
threads (i.e. no out of order execution, branch prediction, big caches). The high
performance of regular applications running on GPUs is achieved through
multithreading, as we mentioned earlier. Figure 4 shows the microarchitecture of a

generic GPGPU core. Below is an explanation of each of the modules.

SIMT Front End SIMD Datapath

Fetch SIMT
unit stack

I-buffer Operand
l collector
Issue
Decode Unit
I-cache > .
unit
Score- MEM

board

Figure 4: Microarchitecture of a generic GPGPU core

As discussed previously the threads are grouped in warps, consisting of 32 threads
(usually) that execute in lockstep. A core will have multiple warps at any given time
waiting to be scheduled. Each cycle, a warp is selected for scheduling. Having multiple
warps helps hide long execution latencies. In other words, when a warp is waiting for an
access to off chip memory, the core will be running different warps. Unfortunately, the
number of warps that can “live” concurrently on a core is limited by the resources. A
warp must ensure that the core has enough resources and registers before it starts

executing.

Given that number of warps that can co-exist is limited by the resources available,
and that we would like to hide latencies of long instructions, it becomes helpful if we can

schedule subsequent instruction from a warp while earlier instructions from the same
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warp have not yet completed. For this to be possible we need to know whether the next
instruction of a warp is dependent on an earlier instruction that has not yet finished. This
dependency information requires fetching the instruction from memory and decoding it to
check whether it has such dependency. For this reason, GPUs use what is called an
instruction buffer. Upon a cache fill or hit the instruction information is placed into the
instruction buffer. The i-buffer haS dedicated slots for each warp. GPUs make use of a
scoreboard to detect the dependencies. One naive option of implementing the scoreboard
would be to represent each register by one bit in the scoreboard and upon read or write
each instruction checks the corresponding bits and if they are set to one the instruction is
stalled. Unfortunately, this simple solution is not practical in GPUs because each warp in
a GPU has 128 registers and a core can run up to 64 warps simultaneously, which means
we need 8192 bits for the scoreboard. Moreover, because of the high number of warps
running on a core, it could be that each warp has some instructions waiting on any of its
four operands which means we may have up to 64(number of warps) *4(number of

operands) = 256 scoreboard probes every cycle which would require 256 read ports.

A more feasible implementation would dedicate some entries in the scoreboard
for each warp, usually around four entries. Upon fetching an instruction and placing it in
the i-buffer, the scoreboard entries corresponding to the instruction’s warp are checked. If
any of the instructions’ operands matches the scoreboard entry, then a ready bit in the
buffer is set to 0 which means that the corresponding operand is not yet ready. when the
entry is cleared from the scoreboard upon write back the ready bit in the i-buffer is set to
1. Once all the operands for a specific instruction in the i-buffer are ready. the scheduler

starts considering the instruction for issuing.

Note that in the considered architecture, there are two scheduling decisions. The
first is to select a warp and fetch its next instruction from the instruction cache and send it
to the i-buffer. Usually this is done in a round robin manner among the warps that have
no valid entries in the i-buffer. The second scheduling decision is selecting the instruction
to be issued. This scheduler must select an instruction from the ready instructions in the i-

buffer. Warp scheduling will be discussed in more detail in section 2.4.
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Note that in the case of the GPGPU-sim simulator that we use to run my
experiments, the i-buffer dedicates two entries per warp. Each i-buffer entry has two
control bits, namely: a ready bit and a valid bit. The later indicates that the instruction is
decoded but not yet issued. While the ready bit is set to 1 if the valid instruction is ready
for execution, in other words if the data dependencies for this instruction are met and the

instruction is ready to be issued.

The SIMT (single instruction multiple threads) execution model, used in GPU,
provides the abstraction that each thread execute completely independently. This

programming model is achieved via the use of a SIMT stack along with predication.

Start Start END
' v !
A A F
e — N x
B C B C D E
\/ I !
D E P
E F B C A
] ! !
END Start
F
Dominator Tree Post-Dominator Tree
END

Control Flow Graph

Figure 5: (A) Control flow graph. (B) Dominator tree (C) Post dominator tree.

As mentioned previously, threads in a warp execute in lockstep. However, upon a
branch instruction different threads in a warp can follow different control path. This

scenario is known as control divergence. Current GPUs handle control divergence by
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serializing execution of threads that follow different control paths. While upon
divergence it is possible for thread to stay divergent until the end of the program, this
solution is not efficient. Hence, divergent threads in a GPU will try re-converge at the
earliest possible opportunity. The immediate post dominator is the earliest re-
convergence point that can be guaranteed at compile time. Note that some works [7] in
the literature looked at earlier possible re-convergence points that can be defined at run-

time.

The definition of post dominator is: an instruction ‘b’ is considered a post
dominator of an instruction ‘a’ if every path from instruction ‘a’ to the end of the
program has to go through ‘b’. The immediate post dominator (IPDOM) is first

instruction in the code that post dominates instruction ‘a’.

2.3 SIMT Stack

It is through the use of a SIMT stack that GPUs handle serialized execution of
divergent threads, re-convergence as well as the execution of nested branches. Figure 6
shows a CUDA code excerpt (Figure 7 shows its assembly equivalent). Different warp
threads could diverge at the ‘if” statement of line 6 as well as at line 8 at the nested ‘if’
statement. Figure 8 represents the control flow graph of this code excerpt. Note that the
numbers in each basic block box of this control flow graph represent the mask of the
threads of the currently running warp. A bit set to one represents the thread that actually
execute the block while a bit set to zero represents a thread skipping the execution. Figure
9 represents the different states of the SIMT stack of this warp. Part a of Figure 9
represents the case where the execution is within basic block A and where all the bits of
the mask are set to 1, which means that all the threads are executing this basic block.
Once we reach the conditional statements at the end of basic block A, threads 1 through 3
take the branch while thread 4 goes in the fall through direction.

Upon this divergence we insert in the SIMT stack two new entries corresponding
to the different paths that the threads are following (Figure 9a). Upon the insertion of
these entries, threads 1,2,3 start executing block B while thread 4 is waiting. Every cycle,

we compare the current PC to the re-convergence PC at the top entry of the SIMT stack.
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If the two PCs are equal we pop this entry of the SIMT stack, since the divergent block
would have reached its re-convergence point. Once we reach the end of basic block B we
have another conditional statements and now the threads diverge again with thread 1

taking the jump while threads 2 and 3 going in the fall through direction.

Upon this ‘nested’ divergence, the SIMT stack is updated by popping the top entry
and pushing three new entries representing basic blocks C, D, and E with their
corresponding masks (Figure 9b). the execution continues with block C which is popped
from the stack when it reaches its re-convergence point next block D is executed for
threads 2 and 3 until it reaches its re-convergence PC. Figure 9c shows the SIMT stack
while the program is executing block E which eventually will reach its re-convergence
point and have its entry popped from the SIMT stack. At this point the execution will
move to block F, and eventually all the threads will re-converge again once basic block F

1s done.

Figure 10 shows the serialized execution of threads upon divergence. it also shows
the decreased lane utilization and the inefficiency of the SIMT programing model for

applications with irregular control flow.

The literature describes different implementations of the SIMT stack which can be
managed in software through the use of special dedicated instructions [37] or in hardware
[6], [7]. In this work we consider the SIMT stack managed fully by hardware mainly

because the SIMT stack in the simulator used in this work is hardware managed.



Figure 6: Example CUDA source code

Figure 7: Example PTX assembly code
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Figure 8: CFG of the sample code shown in fig 6
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Figure 9: Different states of the SIMT stack
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Figure 10: Timeline of the execution

2.4 Warp Scheduling

As mentioned earlier, GPUs are throughput oriented machines that use simple
cores and heavy multithreading in order to hide the latency of slow memory operations.
Two questions that arise are how many warps should live on a core at the same time so
that the core remains busy at all time? And how should the warps be scheduled? The
answer to both question would be simple if the memory system is ideal and responds to
memory requests within a fixed time. If this were the case we could simply find out the
number of needed warps by using a round robin scheduling algorithm to schedule the
warps. The round robin scheduling will allow roughly equal time for each warp before
being re-scheduled. Hence the minimum number of warps required to keep the core busy
would be equal to the latency of the slowest instruction. However, the memory system is
not ideal and the response to memory requests depends on the locality properties of the
application. Furthermore, allowing a different warp to execute every cycle requires that
each warp has its own registers. Otherwise we have to copy the state of the warp back
and forth every time it is scheduled which is both energy and time consuming. The
requirement of having dedicated registers for each running warp puts a limit on the
number of warps that can live concurrently on a core because otherwise the chip area
devoted for the registers will increase relative to the chip area devoted for the functional

units which will limit the computation power of the chip. Thus the number warps is
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limited by the resources and that is why GPUs allow scheduling instructions from the
same warp even if previous instructions from the same warp have not finished executing.
This will allow better hiding of latencies without increasing the number of warps and

hence without increasing the number of required registers.

Since not all latencies can be hidden due to the limited number of warps that can
live concurrently on a core, it becomes important to pick the scheduling algorithm that
results in the least cache misses, i.e. a scheduling algorithm that takes advantage of
locality. This has been the topic of considerable research. when different warps access
nearby data at a similar point in the execution, it becomes beneficial that all these warps
make equal progress to take advantage of the locality. Round robin warp scheduling can

help taking advantage of locality in this case [3].

However, when different warps access disjoint data, like in the case of recursive
tree based algorithms, it may be beneficial that a warp get scheduled repeatedly to

maximize locality within the warp [4].

2.5 Operand Collector

Switching between warps every cycle requires physical registers to be devoted for
each warp in order not to waste time and energy on moving state between memory and
the register file. Devoting physical registers to each warp makes the register file big, it is

almost 256 KB on recent GPUs like Kepler from NVIDIA.

One way to reduce the area of the register file is to use multiple banks of single-
ported memories. GPUs use an operand collector to manage collecting the operands from
the register file. The role of the operand collector is to help increase the bank level
parallelism. This will be explained through the following example. Let us first consider
we do not have operand collectors and that we just have a banked register file like the one

shown in Figure 11.
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Figure 11: Architecture of naive banked register file

In this microarchitecture we have 4 banks where each has a single port connected
to a crossbar which route results to the pipeline registers. While this naive
microarchitecture will work fine, it will hurt performance due to little bank parallelism.
To illustrate this let us consider having four warps running, the code show in the Figure

12 and let us consider the register layout shown in Figure 13

w0 mad rl, r2, r4, r6
wl mad rl, r2, r4, 16
w2 mad rl, r2, r4, r6

w3 madrl, 2, r4, 16

Figure 12: Issue time of different instructions



Bank 1 Bank 2 Bank 3 Bank 4
wO0: rl wO0: 12 wO0: 3 wO0: 4
wO0: 15 wO0: 16 wO0: 7 wl:rl
wl:r2 wl:r3 wl:r4 wl:r5
wl:r6 wl:r7 w2:rl w2:r2
w2:r3 w2:r4 w2:r5 w2:r6
w2:r7 w3:rl w3:r2 w3:r3
w3:r4 w3:r5 w3:16 w3:r7
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Figure 13: Distribution of registers across the banks of the register file

In clock cycle 1, warp zero instruction 1 can access both registers r2 and r4
however it cannot access register r6 because there is bank conflict with 12. In clock cycle
2, warp 0 accesses its last operand and now is ready to execute. In cycle 3, warp one
accesses register r2 and r4 and again it cannot access r6 due to a conflict at bank 1. In
cycle 4, warp 1 still cannot access r6 because the write of warp 0 conflict in bank 1 and
the write has priority over the read. In cycle 5, warp 1 accesses register 6 and now it is
ready to compute.

Now that warp 1 has all its operands, warp 2 can start accessing its operands, and
it does access r4 and 16 at clock cycle. Warp r2 cannot access r2 in the same cycle due to
a bank conflict in bank 4. In cycle 7, warp 2 still cannot access its 3" operand due to the
higher priority of the write of warp 1, which has a bank conflict with the read of r2
needed by warp 2. In cycle 8, warp 2 access its last operand and it is ready to issue. In
cycle 9, warp 3 only accesses two of its operands and cannot access the 3™ due to bank
conflict. In cycle 10, warp 2 writes its result to bank 3, which bans warp 3 from accessing
its third operand. in cycle 11, warp 3 access its last operands and issues. Warp three
writes its result back at cycle 13.

While this microarchitecture works fine, it is inefficient in terms of taking advantage of
bank parallelism. GPUs use an operand collector which is similar to the architecture

shown in Figure 14
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Figure 14: Operand collector microarchitecture (based on Tor M. Aamodt)

The major difference between this new microarchitecture and the previous one
shown in Figure 11 is the presence of the collector units. Each issued instruction will be
given one collector unit to collect its operands. This will allow multiple instructions to
collect their operands in parallel and hence will take advantage of bank parallelism.
Given the same example discussed above for the naive microarchitecture, if we use the
collector unit microarchitecture we get a 62% speedup. In cycle 1, only warp 0 has issued
and warp 0 will read its first operand. In cycle 2, warp 0 reads its second operand and at
the same time warp 1 can read r2 since it does not conflict with the bank that warp 0 is
reading from. In cycle 3, warp 0 reads its third operand and is ready to execute, while
warp 1 reads r6 and warp 2, which just issued, reads its first operand, r4. In cycle 4, warp
1 reads r4 and is ready to execute, warp 2 reads its second operand, which is r6, and warp
3, which just issued, reads its first operand, r4. In cycle 5, warp 0 writes back its result,
warp 2 reads r2 from bank4, and warp 3 reads r2 from bank 3. In cycle 6, warp 1 writes
its result while warp 3 reads its 3" and last operand. In cycle 7, warp 2 writes its result
and in cycle 8, warp 3 writes its result. In total the execution took 8 cycles while in the
case of the naive microarchitecture it took 13 cycles. Figure 15 and Figure 16 shows the

timing in the naive microarchitecture and of the operand collector respectively.



1 2 3 4 5 6 7 8 9 10 11 12 13
w0:r4 w216 wlirl w22

wl:.rd w32 w2rl w36
w0:r2  w0:r6 w2:r4

wlir2 w0l wlir6 w3:.rd w3:rl

Figure 15: Timeline of accessing a naive register file

1 2 3 4 5 6 7 8
wO0:r4 w2:r6 w2:r2 wlirl
wl:r4 w3:r2 w3:r6 w2:rl
wO0:r2 wO0:r6 w2:r4
wl:r2 wl:r6 w3:r4 wO0:rl w3:rl

Figure 16: Timeline of accessing the operand collector

Note that each collector unit has space to buffer all source operands of the
allocated instruction. Given that we have multiple instructions and multiple operands per
instruction, the arbiter is able to achieve high level of bank-level parallelism.

Note that the register layout affects the amount of bank level parallelism, hence
previous works has suggested that the same registers from different warps be assigned to
different banks. Why? Because with round robin scheduling most probably warps will be
making similar progress, which means that at any point in time most warps will be
executing the same instructions and hence accessing the same registers. If the equivalent
registers from different warps are mapped to same banks, then we will have bank
conflicts between different warps. That is why Narasiman et al. [3] suggested allocating
equivalent registers to different banks.

The operand collector as explained above can cause a write after read hazard, if
two instructions from the same warp are present in the operand collector at the same time
and the second instruction writes a register that the first instruction reads. If the second
instruction gets issued first because its operands were ready before the first instruction,
then the first instruction will be reading a wrong value eventually (the value updated by
instruction two). In order to prevent this write after read hazard, Mishkin et al. [5]

suggested that instructions must be issued from the operand collector in program order.



The different schemes suggested by Mishkin et al. [5] resulted in some slowdown that

reached a factor of two for some schemes.
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3. CONTROL DIVERGENCE IN THE LITERATURE

3.1 Introduction

As discussed earlier GPUs serialize the execution of threads in a warp when
different threads go in different direction upon a conditional statement. The SIMT stack
is responsible of ensuring correct execution of divergent threads as well as re-
convergence at the earliest re-convergence point that can identified at compile time which
is known as the immediate post dominator.

The use of the SIMT stack as explained previously causes lower SIMD efficiency
since only a subset of the lanes will be active at any divergent point. Moreover, the
serialization is not required for correctness, in other words the threads within a warp do
not have any implicit data dependency. In case of needed communication, this has to be
done explicitly through the use of barriers and shared memory.

The SIMT stack area per warp is 32 by 64 = 2048 bits. A SIMT stack is required for
each running warp, So in order to allow 64 warps to run concurrently we need 64 * 2048
= 16 KB. In the following section, we explain the major works from the literature that

tackled the problem of control divergence:

3.2 Dynamic Warp Formation (DWF)

GPUs use fine grained multithreading to hide memory latencies, this means that
hundreds of threads are running usually on a given core. These threads are divided into
warps, where a warp is a set of threads that execute in all threads. All warps usually
execute the same code and not only the threads within one warp, is this due to the way
threads are spawned. In current GPUs each warp handles divergence among its own
thread. The observation that Fung et al. [6] make in this work is that among the hundreds
of threads that run on a core each divergent branch target is executed by large number of
threads that are scattered among the different warps. Thus, they suggest forming new
warps dynamically upon divergence. The newly formed warps all share the same target

upon the divergent branch, i.e these dynamically formed warps are convergent.
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Figure 17: DWF example: 2 CFGs showing 2 warps diverging differently

Figure 18: DWF example: (A) Basic Blocks executed by warp 1. (B) Basic Blocks
executed by warp 2. (C) Execution Flow of 2 warps
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Figure 19: DWF example : Warp compaction

Figure 20: DWF example: Execution flow using DWF

Figure 21: DWF example: The effect of Memory divergence
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Figure 17 and 18 shows an example of Dynamic warp formation. Having two
warps 1 and 2 each constituting of four threads. Both warps are convergent at block A. At
the end of block ‘A’, the first three threads of warp 1’ jump to block ‘B’ while the fourth
thread jumps to block ‘F’. Warp 2 has its first two thread jump to block ‘B’ and the
other two threads jump to ‘F’. Furthermore, at the end of block ‘B’ the first thread of
warp ‘1” jumps to block ‘C” and the 2™ and the 3™ threads jump to block ‘D’. Warp 2’
also diverges at the end of block ‘B’ with thread 3 jumping to block ‘C’ and thread 4
jumping to block ‘D’. By looking at each basic block of the control flow graph shown in
Figure 1,7 we can see that if divergence is dealt with across different warps we can get a
better lane utilization. For example block F will be executed once for 1 thread of warp ‘1’
and another time for 2 threads from warp ‘2’. Hence the total number of threads
executing block ‘F’ is three threads which is lower than the number of threads per warp.
Thus if these threads belonged to 1 warp we could have executed block ‘F’ once instead
of two times. Similarly block ‘C’ can be executed once instead of twice, and the same
applies to block ‘D’. Note that with dynamic warp formation, block ‘B’ and block ‘E’
will be executed twice like in the case of static warp because the number of threads
executing these blocks is five, which is bigger than the number of threads per warp, so we
need two warps to execute these blocks, and thus DWF does not help with these two
basic blocks (Figure 19 shows how threads can be merged into dynamic warps)

Figure 20 shows the theoretical execution time of Dynamic warp formation vs the
baseline GPU architecture and Figure 21 shows that some dynamic warps will take extra
time executing due to memory divergence resulting from compacting threads from
different warps.

DWEF requires changes to the register file. When grouping different threads from
different static warps into the newly formed warps, these new threads perform the same
instructions but they need to access different registers. In their paper on DWF, Fung et. al
restricted threads to stick to their original assigned lane when moved to a new warp.
Otherwise the register file needs to be designed to have a crossbar (Figure 22-B), which
complicates the register file access, Moreover, if two threads from same ‘home’ lane are
grouped into the same warp, these two threads will have a bank conflict since each lane is

assigned a bank. Even with the restriction that the threads stick to their home lanes, the
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traditional register (Figure 22 — A) file is not sufficient. Registers accessed by the threads
of initially created warps are at the same offset within the lane, thus we need one decoder.
However, in newly dynamic formed warps, the offset to access registers in a warp is not

the same in each lane, thus a common decoder for all lanes is not possible (Figure 22-c).

Decode Stage
Decode Stage Decode Stage

s ([0

A

R IRT[ IR
2 O O O : 1 N O

Figure 22: Register file of DWF (based on Figure 10 from Fung et al. [6])

The first major drawback of dynamic warp formation is that some threads can
starve while waiting to be grouped with other threads in a new warp. These threads will
not progress because no other threads are following the control path. The second major
drawback of Dynamic warp formation is increased memory divergence. In the GPU
world, when different threads from a warp load from memory it could be the case that
some threads hit in cache while other miss and since the SIMT programming model
requires the threads of a given warp to execute in lockstep, the threads that hit in cache
must wait for the threads that miss in cache. This phenomenon is known as memory
divergence. It turned out that grouping threads from different warp will increase the
memory footprint of the warp which will increase the probability of memory divergence
to occur. Moreover, even if all thread miss in cache, the probability that the different

threads belonging to different warps to access nearby data is low which will increase non
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coalesced memory accesses and shared memory conflicts. These drawbacks of dynamic
warp formation causes slow down for many applications despite increasing the lane
utilization. One last drawback of Dynamic warp formation is that applications that
require implicit synchronization between the threads of a static warp will execute
incorrectly.

One solution that was proposed by the authors of DWF is to rearrange the threads
back to their ‘home’ warps when executing the non-divergent portions of the application.

Moreover, many scheduling techniques were studied to avoid thread starvation.

3.3 Thread Block Compaction (TBC)

Thread block compaction [7] is based on the same observation as dynamic warp
formation. However, it limits the warp formations to threads belonging to the same core.
Thread block compaction creates the new warps mainly by modifying the SIMT stack so
that it encompasses all warps executing in the same core. New warps are formed upon a
divergent branch. Note that synchronizing all threads of a block at each divergent branch
reduces the available TLP. In other words, the scheduler may not find instructions to
execute since all the threads are waiting for synchronization. Thread block compaction
restrict the compaction of threads to threads belonging to the same thread block. This
restriction is a compromise between the TLP availability and the SIMD utilization. In
other words, if we do not regroup thread into new warps, the lane utilization will be low
because of the divergence. And if we synchronize all the threads in a core upon
divergence in order to create the new warps we end up with the TLP loss explained
above. By restricting the compaction within a block, TBC claim that other blocks could
be executing and moving forward while the threads in a divergent block are waiting to
synchronize at the divergent branch. Figure 24 below shows the high level operations of

Thread block compaction.



39

Control Elow Block-wide Warp After
Graph Reconvergence Stack Compaction

1234

12345678 ° A 56780
Active Thread

12345678
B D 23458

¢ o v g CEREENG)

| PC_|RPC | ActiveThread
T 12345678 B [5.2.34]

B D 23458 B X.X.X.8

EENEEEFY

12345678 5678@

Figure 23: High level operation of TBC
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Figure 24: TBC execution Time (based on Figure 7 from Fung et al. [7])

Part B of Figure 23 shows the control flow graph as well as the block wide re-
convergence SIMT stack of example code shown in Figure 23(A). The two warps
executing each has 4 threads. While executing block A there is no divergence and both
warps are scheduled independently. At the end of block A both warps synchronize since

this is a potential point of divergence. When both warps execute the branch instruction
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two new entries are inserted in the stack. Each of these new entries contain all the threads
jumping to its corresponding PC, even if these threads belonged previously to different
warps. The threads are then compacted into new warps. When these new warps reach
their re-convergence point their corresponding entries in the stack are popped. So first we
have one warp executing block C and then we have two warps executing block B. when
block B terminates the threads are reassigned to their initial warps.

Figure 24 compares the execution time of traditional per warp re-convergence stack and
the execution time of thread block compaction. In this example the execution time is

reduced by 12.5% using TBC.

3.4 Large Warp Microarchitecture (LWM)

Like Thread Block Compaction, LWM [3] extends each SIMT stack so that it
handles more than one warp. However unlike Thread block compaction, which
synchronizes threads at the branch instructions and at the re-convergence points, the
group of warps in LWM all execute in lockstep. In other words, they are synchronizing at
each instruction. This compaction at every instruction reduces thread level parallelism
even more than in the case of thread block compaction. This lockstep execution of warps
within a group allows performing compaction using predicate instructions.

Large warp microarchitecture tracks register dependency at thread granularity in order to
allow some warps to execute before some other warps belonging to the same group. This

decreases the thread level parallelism loss caused by the lockstep execution.

3.5 Simultaneous Warp Interweaving

As shown in Figure 25 simultaneous branch interweaving [8] support issuing 2
different instructions where the instructions come from warps that are divergent so that

they fill the branch gaps. This complicates the front-end of the GPU.
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Figure 25: Simultaneous Branch Interweaving micro-architecture (based on Figure 3

from Brunie et al.)

3.6 Conditional Streams

Different works focused on using warp compaction in software in order to
improve SIMD efficiency. Conditional streams [9], has its kernel splits it data steam into
many streams based on the result of a divergent branch and then each sub-stream is

processed by a different kernel which merge back at re-convergence.
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3.7 SIMD Lane Permutation

As mentioned earlier the problem with most thread compaction techniques is that
threads must remain in the same lane when a new dynamic warp is formed otherwise the
register file state of the thread must be moved to a different lane. Rhu and Erez [10]
observe that threads that take the same path tend to belong mostly to the same home lane
and thus they conclude that the sequential mapping of thread IDs to consecutive threads
in a warp is not optimal for any dynamic warp formation technique. So in this work they

propose different thread mapping and improve the rate of compaction.

3.8 Multi-Path Parallelism

Upon divergence threads with same branch targets are grouped into warp splits.
Warp splits are executed sequentially in baseline GPU. This serialization is not required
for correctness. It is just used because it allows using a simple hardware and because
graphics applications which GPUs were first built for were mostly regular application
with little control divergence. Actually different warp splits can even execute in parallel
because each thread has its own registers. Allowing an interleaved execution of these
warp splits will give the warp scheduler more scheduling opportunities in order to hide
the long latency memory instructions. In other words, interleaving the execution of
divergent paths will boost thread level parallelism without improving the SIMD
efficiency.

Multi-path execution boosts performance of memory bound applications, where
the cores are idle waiting for memory accesses and were the limited resources of the

cores does not allow more warps to co-exist and hide each other’s latencies.
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Figure 26: DPE example: Control Flow Graph

Figure 27: DPE example: Execution flow

Figure 27-A shows the performance when using baseline GPU while Figure 27-B shows

the performance when allowing interleaving between different divergent blocks.
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So while block C is executing in case it is waiting for memory access the threads that
went in the other direction of the branch (block B) can start executing. similarly, block D
and Block E have their execution interleaved, while D waits on its long latency access,

threads that went in the E direction are executing.
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I Time
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| 00111000 11000000 00000 Lane 1
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Block F Lane 4
11111000
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Figure 28: Dynamic Warp Subdivision example

3.9 Dynamic Warp Subdivision

Dynamic warp subdivision [11] split a divergent warp into two warp splits that
execute in parallel. In order to achieve this, the re-convergence stack is extended with a
warp split table. Dynamic warp subdivision allows warps splits also at memory
divergence when different threads in a warp have different memory access latencies due
to some threads hitting in cache while others missing. The threads that hit in level one
data cache form a warp split and are allowed to move forward while the complementary
warp split is waiting for its memory access to resolve. Note that in this case the threads
that move forward may pre-fetch for the warp split that is still waiting for its access to
resolve. As shown in Figure 28 above the warp splits are allowed to go beyond the

immediate post dominator (block F in Figure 28) and not converge with the other warp-
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splits. This may create the pre-fetch effect we discussed previously but it also risks

pipeline under-utilization.

3.10 Dual Path Execution and Multi Path Execution

Dual path execution [12] restricts DWS so that each warp executes only two
concurrent warp-splits. This restriction allows capturing most of the benefits of DWS
while keeping the hardware simple. DPE requires some extension for the SIMT stack so
that both entries of a divergent branch are at the top of the stack. In other words, so that
the warp scheduler can interleave the execution of both branch target. While DPE does
not increase the SIMD utilization it does offer higher level of parallelism to the warp
scheduler which helps at better hiding the latency of long memory accesses. Other than
the SIMT re-convergence stack, DPE requires some extensions to the scoreboard so that
dependencies are tracked for each warp split separately. Multi path execution [13]

follows DPE but gets rid of the dual path limitation.

3.11 Likely Convergence Points

As we discussed earlier, the immediate post dominator is the earliest re-
convergence point that it is safe to re-converge at and that can be identified at compile
time. However, re-convergence can happen earlier than IPDOM in reality. Figure 29
shows a situation where threads can re-converge at an earlier point than the IPDOM. The
IPDOM of both block A and block C is block F however in most cases the threads can re-
converge at block E since 73% of the times block C jumps to block E and 25% of the
time block B jumps to block E and 96% of the times block E jumps back to block A.
Hence, the path from block C to block D is rarely followed and in most cases at runtime

we can re-converge at block E.
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Figure 29: CFG annotated with path probabilities

Fung et al. proposes extending the re-convergence stack with LCP (likely re-

convergence points) and a pointer that points to the stack position of a special likely

convergence entry that is created when a branch has an LCP that is not equal to the

IPDOM. When a warp diverges, three entries are added to the stack. The first one is the

likely point of convergence. The other two correspond to the two sides of the divergent

branch as shows in Figure 29-a. Now when the warp diverges at block C, two new entries

are created (4). When the execution reaches the LPC, the entry of E is removed from the

stack (5). When thread 3 and thread 4 reaches block F, the stack is popped (7) . Then

block B executes and its entry is popped once the PC = LPC. Finally, the likely

convergence entry is executed until it reaches the IPDOM.
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Figure 30: SIMT stack of the Likely convergence example (based on Figure 3.19 from
Aamodt et al.)

3.12 Vector Thread Architecture

The vector thread architecture [14] combines MIMD and SIMD, i.e. the front end
can fetch instructions from the shared L1 instruction (Figure 31) cache and issue an
instruction to be executed across all threads or it can switch to a MIMD architecture
where a lane fetches instructions from its private level zero cache and executes its own
instructions. Vector thread architecture have comparable efficiency to SIMT machines
when running regular applications but outperforms GPUs when executing irregular

applications.
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Figure 31: Abstract model of a vector-thread architecture (base on Figure 1 of Krashinsky

etal.)

3.13 Temporal SIMT

Temporal SIMT [15] machines (Figure 32) are similar to vector thread machines
in the sense that they allow each lane to execute in MIMD fashion. Each lane, however,
runs one warp. In other words, the warp with all its threads is time multiplexed in one
lane and thus the machine amortizes the control flow overhead across time, while

traditional GPUs amortize the overhead across the lanes.

3.14 Variable Warp Sizing

In variable warp sizing, Rogers et al. [16] propose narrow warps, called slices,
where each slice consist of 4 lanes. Each slice contains fetch and decode units.
These slices can be grouped into gangs. If the application has no branch divergence, the
warps belonging to a gang execute in lockstep and use a shared fetch unit and a shared
level one of cache. Every time the control flow diverges the gang splits into multiple
gangs. The split gang can split further if it counters divergence again. Splitting can

continue until each warp is in its own gang. Upon reaching this point, each single warp
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gang start using its own fetch unit and private level zero cache. The gangs are merged

back when the PC are equal in different gangs
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Figure 32: Temporal SIMT micro-architecture (based on Figure 1 from Keckler et al.)

3.15 SIMT Stack Alternatives and Divergence Management:

The size of the SIMT stack scales with the number of threads per warp as well as
the number of warps that co-exist in a specific core. The area requirement of a baseline
re-convergence stack is 32*64 bits. While this is not huge in comparison to the size of the
register file, many proposals discussed alternative mechanisms of implementing the re-
convergence stack, mainly in order to take advantage of the area dedicated to the stack
when an application does not diverge.

Among these proposals is the AMD’s GCN [37] which proposes the use of a scalar
register file whose registers are used as predication registers to control the execution in
each warp. The compiler uses this structure to emulate the re-convergence stack in
software. In the absence of divergence, the compiler can make use of the registers for
other computations. Moreover, they minimize the size of the stack by prioritizing the
execution of the path that has lower number of active threads.

Another proposition was a stack-less SIMT coupled with temporal SIMT architecture
[39]. In this proposition threads execute in lockstep when they are convergent and shift to

a MIMD execution upon divergence. The instruction set architecture is extended with a
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sync-warp instruction that the compiler places at the re-convergence point, so that
divergent threads re-converge. The compiler analyzes the code to determine convergent
and divergent regions and detects the branches that are taken by all threads by following
these steps:

1) All basic blocks are considered thread invariant at the beginning

2) Mark all threads dependent on thread ID as thread variant.

3) Iteratively mark all instructions dependent on thread-variant instructions as thread

variants as well
4) All instructions in a BB that are control dependent on a thread variant branch are
also thread variant

This stack-less technique does not catch all possible re-convergence points in the case of
nested divergent branches, but performs comparably to the SIMT stack solution when the
applications are fairly regular.
Old GPUs actually did not use a full SIMT stack. Instead they used predication.
Predication is a known technique in the CPU world used to reduce pipeline stalls due to a
control hazard. In the world of CPU, when a branch is miss-predicted, the penalty is
large. The CPU stalls the pipeline and starts fetching instructions from the branch target.
With the use of hardware branch prediction, the number of stalls decreases, however the
rate of miss-prediction remains between 5 and 10 percent, which can slow down a
processor by as much as 30%. Predication solves this problem by removing the branch
instruction itself and executing both possible paths of the branch. The instructions,
however, will have a predicate tag appended by the compiler and will only be allowed to
commit their results and change the program state if their corresponding predicate is true.
The value of the predicate will be only true in one of the paths. Predication relies on
parallel executions of two instructions, each belonging to a different side of the branch,
and thus it requires an architecture that feature multiple instruction issue. The following
example (Figure 33) illustrates the idea of predication. In a baseline CPU, the code is
divided into 4 blocks, while with the use of predication it will executed as a single block
(Figure 33- c). Note that the two predicates are complimentary of each other, thus only

one can be true at a given time and thus only one path will commit its results.
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In GPUs, predication can be used as a low overhead way to implement simple conditional
code sections. It saves the overhead of pushing and popping from the re-convergence
stack.

Using predication allows the compiler to interleave the execution of the both
paths coming out of the branch. This increases the Tthread level parallelism like the DPE
work mentioned above without the advanced SIMT stack that DPE requires. Note that
this is possible with predication because divergent blocks use different predication
registers.

Predication increases the pressure on the register file, which will result in a lower number
of warps that can co-exist.

Predication affects the dynamic number of instructions. It results in removing the pop and
push instructions required to manage the re-convergence stack. On the other hand,

checking the uniform branches increases the number of dynamic instructions.

Load r3, afi]
. pl,p2=Comp r3,10
lf{(a[l]>10) Jump if p2 )
b[i]=d[il;
/ M
Else Load r1, d[i] / \
{b[i]=c[i]; Store bli], r1
} jump Load r3, afi]
| =i+1: \ ) pl,p2=Comp r3,10
’ <p1>load r, dfi] <p2>load r2, c[i]
<pl> store b[i], r1 <p2> store b[i], r2
Load r2, c[i] I=1+1
Store bl[i], r2

(A) (B) (C)
Figure 33: (B) Baseline CFG. (C) CFG using predication
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4. OPPORTUNISTIC INTER-PATH RE-CONVERGENCE

4.1 Introduction

GPGPUs deliver high speed up for regular applications while remaining energy
efficient. The single instruction multiple thread (SIMT) execution model used in GPUs
amortizes the energy and bandwidth cost per instruction over a set of threads executing in
lockstep, known as a warp, Moreover. GPUs use fine-grained multithreading to hide long
off-chip latency. This high performance-energy promise does not hold for irregular
control divergent applications. When different threads in a warp decide to jump to
different targets upon executing a branch instruction the lockstep execution is altered.
Current GPUs serialize the execution of threads following different paths within a given
warp.

While this solution is simple and could be handled using a simple SIMT re-convergence
stack in hardware, this technique leads to lower SIMD efficiency and needless
serialization.

Different solutions were proposed in the literature to deal with control divergence. These
solutions can be divided into three major categories:

e The first is based on warp compaction: GPU is a highly multithreaded throughput
architecture, which means that any core has hundreds of threads running at the
same time and executing the same kernel. Hence any target of a branch instruction
is reached by many threads but that are scattered among multiple warps. Hence it
makes sense, to compact threads that follow the same control path into new warps
upon a divergent branch.

e The second family of works, focused on improvements to the SIMT re-
convergence stack: The observation behind these works is that divergent threads
within a warp are independent and thus their execution can be interleaved. The
interleaved execution makes use of the idle cycles. These techniques are helpful
mainly because the number of warps that can co-exist is limited by the resources

which makes it hard for the scheduler to hide long off-chip latency.
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e The third family of works adds a MIMD capability to traditional GPUs: In other
words, the GPU performs in a SIMD mode the convergent parts of a warp and
upon divergence it switches to a MIMD mode which allows all threads to make
progress and not be serialized.

Detailed description of these different solutions is presented in chapter 3. While all these
techniques improve the performance of some applications with divergent control flow,
they had some drawbacks like increased non-coalesced memory accesses in case of
thread compaction works which results in slow down for some applications, reduction in
lock-stepping effect and hence GPGPUs’ bandwidth and energy amortization in case of
adding MIMD capabilities. While some inefficiency for irregular workloads may be
unavoidable some works imposed some loss on regular workloads.

In this work we introduce the concept of opcode-convergent threads which are threads
that execute the same instructions but could be accessing different operands. We find out
that divergent basic blocks exhibit substantial opcode convergence. For example, in the
case of LUD 65%, of the divergent instructions are actually opcode convergent. This
means that upon serializing the execution of two divergent basic blocks, many
instructions are re-executed in the same order but potentially accessing different
operands.

This high percentage of opcode convergence among divergent blocks is due to the
simple instruction set used in GPUs. GPUs are RISC machines. The large semantic gap
between the high level language used in writing the application, CUDA in our case, and
the assembly code running on the GPU results in basic blocks that exhibit a lot of opcode
convergence even though the divergent basic blocks could be performing completely
different computation at a high level.

We build a compiler that analyzes divergent blocks and identify the common streams of
opcodes using the longest common subsequence (LCS) algorithm. We modify the GPU
architecture so that these common instructions are executed as convergent instructions.
Using software simulation, we achieve a 17% speedup over baseline GPGPU for
irregular workloads and we do not incur any performance loss on regular workloads.

In this work we make the following contributions:
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a. We propose a more fine-grained approach to exploit intra-warp
convergence by introducing the concept of opcode-convergent
threads which execute the same instruction, but with potentially
different operands.

b. We develop a compiler analysis based on longest common
subsequence (LCS) [40] that identifies opcode convergence among
divergent basic block and annotates the code so that it runs on our
modified architecture.

c. We modify the GPU architecture so that opcode convergent
instructions are executed as convergent instructions.

d. We quantify the percentage of common sub-blocks that exist among
divergent basic blocks in a set of irregular GPU applications.

e. Using software simulation, we run irregular GPGPUs workloads
taking advantage of opcode convergence and we achieve 17%
speedup over baseline architecture without introducing any

performance loss on regular workloads.

4.2 Background

GPUs consists of multiple streaming multiprocessors (SM) each consisting of a set
of cores. Hundreds or even thousands of threads run on each core and are divided into
warps, where a warp is a set of threads that execute in lockstep.

GPUs provide an abstract execution model known as single instruction multiple threads
(SIMT) while executing on Single Instruction Multiple Data (SIMD) units

The lockstep execution of threads within a warp allows a single instruction fetch and
decode as well as wide vector read/write access to register files. Similarly, memory
accesses from different threads can be coalesced if accessing consecutive addresses.
Hence, through SIMD execution GPUs can amortize the energy and bandwidth cost per
instruction over a wide set of threads in a warp.

When executing a branch instruction, different threads within a warp may jump to

different targets. This situation is known as control divergence. Upon control
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divergence, GPUs serialize the execution of diverging basic blocks which causes TLP
(Thread-level Parallelism) loss. Divergent threads re-converge at the immediate post
dominator (IPDOM), which is the safest and earliest re-convergence point that can be
identified at compile time. For example, the IPDOM of the branch instruction at the end

of basic block A, in Figure 34 is the first instruction in block D.

1 l

Block A Block A
1111 1111

Block B1 Block C1
¥ 1000 0111

)

Common sub-
block 1
1111

Block B
1000 Block C

0111 Block B2
1000

U =t

[ Common sub- )
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‘ (1111 )
[ Block D ] !
kil f Block D
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v

Figure 34: (A) CFG of original code VS (B) CFG of transformed code

GPUs make use of a SIMT-stack to handle divergence and re-convergence in hardware or
can use predication in software as discussed in section 3.15. In this work, we consider the
SIMT- stack solution mainly because the simulator we use, GPGPU-sim [41],
implements the SIMT-stack solution. Every time the threads in a warp diverge two
entries are pushed into the stack representing the two different control paths. An entry in

the stack consists of three elements: the current PC, the active mask which helps tracking
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which threads are active at each path and a re-convergence PC (RPC). At any given time
only one control path is executing which correspond to the entry at the top of the stack.
Once the current PC equals the re-convergence PC an entry is popped from the stack and
execution is moved to the next entry.

When a warp starts executing the first entry is pushed to the stack with PC=0, the
RPC pointing to the end of the program, and an active mask of all ones indicating that all
threads are active (Figure 35-a). When the divergent branch instruction at the end of
block A executes, two new entries are pushed into the stack representing the two paths

(Figure 35-b).

PC MASK RPC PC MASK RPC
A 1111 - D 1111 ]
B 1000 D
0 C 0111

(b) When the branch at end of A
is executed, two new entries are
pushed with RPC=D

(a) At the beginning of the
execution Block A is fully utilizing
the SIMD lanes

PC MASK RPC PC MASK RPC
D 1111 = D 1111 =
1000 D

(d) Block B reached its re-
convergence PC. Block D start
executing with full SIMD
utilization

(c) Entry corresponding to Block
Cis popped out of the stack,
since C reached its RPC. Block B
starts executing

Figure 35: The different states of the SIMT stack

The RPC of both entries is set to the starting PC of block D. Next the execution moves to
the path that is on top of the stack, block C in this case. Once current PC = RPC this entry
is popped out of the stack and the execution of Block B starts (Figure 35-c). Once block
B reaches the re-convergence point, block D starts executing and at this points all the

threads are active.
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4.3 Opcode-Convergent Threads

GPGPUs’ SIMT execution model is ineffective for workloads with irregular control-
flow because of the serial execution of divergent paths. In this work we propose a new
fine-grained approach to exploit _intra-warp convergence. The key insight of this work
lies in the observation that divergent basic blocks executed serially share a lot of their
opcodes. This is due to two facts:

e First GPUs are RISC machines, thus two basic blocks will inevitably have
‘many’ common instructions, due to the limited number of instructions offered
by the ISA. Note that even if these two blocks are performing completely
different computation at a high level, their assembly version will have many
common instructions, due to the large semantic gap between a high level
language, CUDA in our case, and a RISC ISA

e Second, having one compiler applying the same set of optimizations and using the
same code generation technique to generate both blocks, will result in many of the
common instructions appearing in the same order. Thus two divergent basic

blocks will most probably have ‘many’ common sub-blocks.

By serializing the execution of divergent blocks, the SIMT execution model is
unjustifiably serializing the execution of these sub-blocks. In theory these sub-blocks can
be executed in lockstep since they execute the same code on different lanes. Executing
these common sub-blocks in lockstep will minimize the TLP loss caused by control
divergence.

In order to execute these sub-blocks in lockstep we first need to identify these
blocks. For that we wrote a compiler analysis that identify these common sub-blocks and
annotate them. Moreover, we need some hardware modifications so that these common
blocks access their corresponding operands as well as some modifications to the SIMT
re-convergence stack.

Because this technique does not involve different warps to minimize the TLP loss,
it is not expected to increase non coalesced memory accesses, an artifact that showed up

in many previous works. Moreover, the suggested technique is also not expected to slow
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down regular workloads since the compiler analysis will not identify any common sub-
blocks in regular workloads; in other words, we end up executing the same old code.
The suggested technique re-defines thread convergence from thread executing the same
instructions to threads executing the same opcode. This new definition makes a given set
of thread, less divergent. These ‘less divergent’ threads can still benefit from all
previously suggested techniques for even less TLP loss. Hence this technique is

complementary to all previously suggested solutions.

4.4 Compiler Support

In the following section, we explain the compiler we built to identify and annotate the
common sub-blocks that lie within divergent basic blocks. The compiler that we
developed is a source to source compiler that reads NVIDIA PTX assembly and
generates a transformed/ or annotated PTX assembly.

e The compiler first builds the control flow graph (CFG) of the input code, where a

CFQG is a representation using graph notation of all the paths that might be
traversed by a thread (check Figure 34).

e The second step is to identify the basic blocks that could potentially diverge at
runtime. Two basic block may diverge at runtime and hence get executed serially,
if they share the same immediate dominator (IDOM) and the same immediate post
dominator (IPDOM).

Where the post dominator of a node X is defined to be any node Y in the program
such that every path from node X to the end of the program must go through node
Y. Y is an immediate post dominator of X if' Y is the unique node that does not post
dominate any other post dominator of X. Similarly, Y dominates X if Y is any node
in the graph such that every path from the start of the program to node X must go
through node Y. A node Y strictly dominates a node X if Y dominates X and Y
does not equal X. Y is an immediate dominator of anode X if Y is the unique node
that strictly dominates X but does not strictly dominate any other node that strictly
dominates X. Figure 34(a) shows that block B and block C share the same IDOM
which is block A and share the same IPDOM which is block D. Hence threads could
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potentially diverge at the end of block A, which results in serial execution of block
B and block C. Note that if we have divergence within block B and/or block C the
execution of these divergent blocks will be serialized within the execution of Block
B and/or block C. Further discussion on nested divergence and how we deal with it

can be found in section 4.9.

e Step three of our compiler is to identify the common opcodes between the
divergent blocks. For that we use a widely known algorithm in computer science,
the Longest Common Subsequence (LCS) algorithm. Where LCS is the problem
of finding the longest subsequence common to all sequences in a set of sequences
(two sequences in our case). The explanation of this algorithm is given in
Appendix A. Figure 36(a) shows the CFG of Figure 34 but with the instructions
of blocks B and C. Figure 36(b) shows the resulting CFG after running our

compiler analysis.

Figure 37 shows the LCS table when the compiler works on finding the common
instructions between blocks B and Block C. Note that the arrows shown in Figure 37 are
used by a trace-back procedure that deduce the common subsequences between the two
streams by following the arrows backward, starting from the last cell in the table. Each
diagonal arrow in the table represents a common instruction and the numbers represent

the size of the longest common subsequence.

By running this compiler analysis on irregular GPU benchmarks we found that the
percentage of common instructions between divergent blocks could be as high as 85% as
in the case of one set of divergent blocks in LU decomposition. More results are

discussed in the results section.
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Figure 36: (A) CFG and its corresponding transformed CFG (B)
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Figure 37: LCS table and its corresponding CFG
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st.shared.f32 [%$rl2+ ..//209
add.s64 %rlb54,.. //210

.loc 2 87 1 //211
ld.global.f32 $f14, .. //212
st.shared.f32 [%rl2 .. //213
.loc 2 911 //214

mov.u32 %r33, %c .. //215
shl.b32 %r34, %r33, 4; //21l6
add.s32 %r35, %r34, %r26l;
add.s32 %$r36, %r .. //217
mad.lo.s32 %r37

add.s32 %r38, %r37 .. //218
.loc 2 93 1 //219
mul.wide.s32 %$rl55, %$r38 //220
add.s64 %rl5e6, %rll, .. //221
ld.global.f32 $%$f15, .. //222
st.shared.f32 [%rl3 .. //223
add.se4d %rl57, %rlb5e6, %rldo0;

add.s64 %rl58, %rl .. //227
.loc 2 93 1

ld.global.f32 %fle, .. //228
st.shared.f32 [%rl3] ..//229
add.se4 %rl59, %rlb58, %rl40;

add.s64 %rle0, %$rl58 .. //234
.loc 2 93 1

ld.global.f32 %f17, .. //235
st.shared.f32 [%rl3 .. //236

add.s64 %rlel, %rl59, %rl4o0;

add.s64 %$rle2, %$rl59 .. //240
.loc 2 93 1

ld.global.f32 %£f18, .. //241
st.shared.f32 [%rl3 .. //242

add.s64 %$rle3, %$rlel, %rl40;
add.s32 %$rled, %$rlel .. //247
.loc 2 93 1

ld.global.f32 $f19, .. //248
st.shared.f32 [%rl3 ..//249
add.s64 %rle5, %$rle3, %rl4o0:;

add.s64 %rlee6, %$rle3 .. //253
ld.global.f32 %£20 .. //254
st.shared.f32 [%rl3 ..//255
add.s64 %rlée7, %$rlé5, %rld0;
add.s64 %rle8, %$rleé5 ..//259
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st.shared.f32 [%rl .. //80
add.s64 %rl195, %rl94,.. //81
.loc 2 72 1 //82
1d.global.f32 %$£38, //83
st.shared.f32 [%$rl2 .. //84

.loc 2 78 1 //85

mov.u32 %$r89, %$ctaid.x; //86
shl.b32 %r90, %r89, 4; //87
add.s32 %r9l1, %r72, //89
add.s32 %r92, %r9l, 1le6; //91

.loc 2 78 1 //92
mul.wide.u32 %$rl96, %r92, //93

add.s64 %rl97, %r .. //94
1d.global.£f32 $£39 .. //95
st.shared.f32 [%rl4d] //96

add.s32 %rS5, %r9%2, %$r256;
.loc 2 78 1
mul.wide.u32 %$r198, %r95, 4;

add.s64 %$rl199, %rll .. //98
1d.global.£32 %f40, .. //100
st.shared.f32 [%rl .. //101

shl.b32 $r98, %r256, 1;:
add.s32 %r99, %r92, %$r9s8;
.loc 2 78 1

mul.wide.u32 %$rll00, %r..
add.s64 %$rl1101, $%$rl1 .. //103

1d.global.f32 $f4 .. //105
st.shared.f32 [%$rld+ .. //106
mad.lo.s32 %$rl02, %r2 ...
.loc 2 78 1

mul.wide.u32 %rll0 ..

add.s64 %rl1103, .. //108

ld.global.f32 %f42 .. //110
st.shared.f32 [%rl4d .. //111
shl.b32 %rl105, %r256, 2;
add.s32 %rl106, %r92, %rlo05;
.loc 2 78 1

mul.wide.u32 %$rll104 ..
ld.global.f32 %f4 .. //115
st.shared.f32 [%rl4d .. //1lle
mad.lo.s32 %$rl09, %r2 ..
mul.wide.u32 %$rl ..;

add.s64 %rl1107,.. //118
1d.global.f32 %f4.. //120
st.shared.f32 .. //121
mul.wide.u32 %$r1108,
add.se4 %rl1109, % .. //123

Figure 38: LCS applied to divergent blocks in Cholesky
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4.5 ISA Support

As mentioned earlier, the opcode convergent blocks potentially need to access
different operands based on their ‘home basic block’. This issue can be solved through
different techniques in software and/or in hardware. The technique we are suggesting in
this work is to extend the ISA so that each instruction in the initial ISA has an equivalent
instruction that accesses double the number of operands. In this way, the compiler can re-
write the code using these instructions as shown in Figure 39 below. The common ADD
instruction between the two divergent blocks is now replaced with an ADD that can read
4 operands and write to 2 different registers. Similarly, for the SUB instruction. We save
the mask of the IDOM of divergent blocks in a special register that we call, the /IDOM
register mask register. This mask is used by each lane along with the SIMT stack mask to
know whether it should access the first set of operands or the second set. Further

discussion of the SIMT stack can be found in section 4.7.

1. Addri,r2,r3 1. Addril,r2,r3

2. @pibraSLT10 2. @pibraSLT10

3. Mulrl1,r12,r13 3. Mulrll,r12,r13

4. Addr4,rll,r2 SLT10:

5. Subr5, r6,r4 4. addril,r2,r13|r11,r12,r13
6. BraSLT11 5. Sub r14,r12,r1 | r4,r11,r2
SLT10: 6. BraSLT11

7. addrl,r2,r13 7. Cvt rd1,r2

8. Sub r14,r12,r1 SLT11:

9. Cvt rd1,r2 8. Addr4,rili,r2

SLT11: 9. movr5,0

10. Add r4,r11,r2

11. movr5,0

Figure 39: Original piece of code VS its transformed version
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4.6 Scoreboard Modifications

In order to increase multithreading opportunity current GPUs allows a warp to
issue instructions back to back. Issuing instructions back to back from the same warp
requires tracking RAW and WAW data dependencies within each warp. GPUs use
scoreboards to check for data dependencies. Scoreboards are usually implemented as
Content Addressable Memory (CAM) structures like the one. The CAM structure is
indexed using the warp ID and the register ID. Before issuing an instruction the
scoreboard must be consulted to check for any RAW or WAW hazard. If no hazard
exists, the instruction is considered for scheduling. Once scheduled, the scoreboard
should be updated to show the destination register of the scheduled instruction as
pending. Similarly, upon the completion of a write back the scoreboard entry for the

corresponding register is cleared.

In our opcode_convergent thread execution model, instructions may access up to
six registers and not only three and definitely we must check all six dependencies before
deciding whether an instruction is a valid candidate for scheduling or not.

Moreover, the dependencies should be tracked based on the original path that the register

in question belongs to, otherwise we could be missing multi-threading opportunities.

| Block A I ‘ Block A I

Block BNC

Block B Block C
Mul (r1, r2), (r6, r4), (r3,r5)
[ Mul r1, r6, r3 ] [ Mul r2,r4,r5 ] Add (3, rd), (17, r1), (r8,7)

Add r3 ,r7,r8 Add r4,r1,r7
Block B’
| Block D I | Block D I

Figure 40: Transformed CFG shows a false data dependency
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Figure 40 above helps making this last point clear. Register r1 and register 12 are written
in the first instruction of the merged block (BN C). The following instruction is an ADD

and it reads r1. However, looking at the original code (Figure 40 A) we notice that r1 is
written in original block B while it is read in original block C, so there is no real
dependency.

If we track dependency using one scoreboard there is no way to Figure out this

case and we may incorrectly stall block (BN C) and lose multithreading, Hence the need

for two different scoreboards. This design solution is similar to the solution used in Dual
Path Execution [12] but it requires some extensions in our case as we will explain next.
In our design we can identify three different types of basic blocks: the convergent basic
blocks, the divergent basic blocks and the merged basic blocks. The scoreboard should be
updated and checked differently based on the type of the basic block that the instruction
in question belongs to. Following are the different scenarios for updating and

checking the scoreboards and they are based on the type of the block that the instruction

belongs to:

1. Instructions in a “Convergent block”:

a. When writing to a register the corresponding bit should be set in both
scoreboards because dependent instructions in both sides of the CFG needs
to see this register as pending if the current block diverges before the write
back is complete. Similarly, when a write back is done, the pending bits
should be updated in both scoreboards.

b. When scheduling an instruction from a convergent block it is enough to
check one scoreboard since both scoreboards are identical at this point of
execution

2. Instructions in a “divergent block™:

a. When writing to a register only the scoreboard that belongs to the currently

executing side of the branch should be updated, otherwise we may create a

false dependency when the execution moves to the other side of the branch.
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Similarly, we should only update one scoreboard upon the completion of a
write-back. That being said, we should update both scoreboards upon re-
convergence to a “convergent block” as follows. Instructions executing
after re-convergence must see the pending writes from both divergent flows
that re-converged, hence we must copy all the set bits in the first scoreboard
to the second scoreboard and vice versa.

b. When scheduling an instruction from a divergent block we should check
the scoreboard that corresponds to the side of the branch that we are

currently executing

3. Instructions in “merged block”

a. Merged instructions access different registers based on the side of the
branch they belong to in the original CFG. That being said, upon a write
both scoreboards will be updated, however it is not the same update. Each
scoreboard will set the register bit of the register that was written on the
side of the branch that corresponds to this scoreboard. When a write-back
is done only the corresponding scoreboard has its corresponding register
bit reset. By updating register in this way we avoid false dependences. Once
again, like in the case of divergent blocks, we have to unify both
scoreboards upon re-convergence.

b. When scheduling an instruction from a “merged block” both scoreboards
will be checked but each will check only the registers that its corresponding

“divergent block” in the original CFG would have checked

4.7 SIMT Stack Modifications

Upon merging the divergent paths using our compiler analysis, we could have
instructions interleaving the ‘opcode convergent blocks’ i.e, instructions that are not
common to both divergent paths. For example, the multiply instruction in Figure 36(b)
which is only needed by the left path. One would think that due to such non-common
instructions the compiler must add branch instructions to the transformed code so that

these non-common instructions gets executed just by their corresponding lanes. While
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this will definitely work, the added branch instructions are not needed and they will cause

an extra overhead.

PC MASK RPC
D 1111 -

B4 1110 D
BAC3 1111 D

@ 2 0001 BNC 3

' B3 1110 BNC 3
BnC2 BAC2 1111 B3

B2 1110 BNC 2
BAC1 1111 B2

BACS c1 0001 BNC 1

B1 1110 BNC 1

Block D

B

Figure 41: The modified SIMT stack upon divergence at end of block A

The key insight here is that all these added branch instructions will resolve like
the original conditional branch for any given thread. Hence we suggest a small
modification to the SIMT re-convergence stack to take advantage of this observation.
Upon divergence the SIMT stack will not push only two entries like in the case of the
traditional SIMT stack described above, instead it will push the whole control flow that
lies between the divergent branch and its IPDOM in the original CFG. So in case of the
CFG shown in Figure 41(A), the SIMT stack upon executing the divergent branch at the
end of block A will look as shown in Figure 41(B).

Merged instructions should be told which set of operands to use. One easy
solution is to add the mask of IDOM of the diverging branch into a special register Figure
42. And then use the mask in the SIMT stack to select the operand set for each lane. If the
lane has a zero bit in the “IDOM register” mask then this lane should not be executing

otherwise, a 1 means that this lane should be active. A zero in the SIMT stack mask
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refers to accessing operand set number 1 and a 1 in the SIMT stack refers to accessing

operand set number 2.

IDOM register mask

PC MASK RPC
D 1111 0000 -
B4 1110 0000 D
BNC 3 1110 0000 D
2 0001 0000 BNC 3
B3 1110 0000 BNC 3
(_B1 ) _c )
— BNC 2 1110 0000 B3
B2 ] | Block E
= 0000 1111 B2 1110 0000 BNC 2
B3 2
—— BNC 1 1110 0000 B2
= c1 0001 0000 BNC 1

Block D

— Bl 1110 0000 BNnC1
11111111

Figure 42: Re-convergence stack of opcode_convergent threads

For example, consider Figure 42, where we have eight threads per warp. Only the first 4
lanes execute block A upon the first divergence. When block A starts executing and we
diverge again at the end of block A and we push the whole entry in the stack as shown in
Figure 42, the Mask of block A should be saved in the IDOM mask register. Now when
the merged instructions of block B m C 1 starts executing the mask is 1110 0000 but the
zero of lane 4 does not mean must be idle but it means that lane four must execute the
merged block while accessing the first set of operands while lanes 5 through 8 should be
idle and lanes 1 through 3 should execute the merged block accessing the second set of
operands. In order to know that the 0 in the mask corresponding to lane 4 should be
treated differently than the zeros of lane 5 through 8 we compare the mask to the IDOM
mask register. in the IDOM mask register lane 4 has a 1 bit while lane 5 through 8 has

Z€ros.
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Note that, if the SIMT stack gets too big because of pushing the whole control flow that
lies between the IDOM and the IPDOM of a divergent branch the compiler can decide to
insert explicit branch instructions. Each explicitly inserted branch if inserted at the

middle of the entry can divide the number of needed entries by 2.

4.8 Register File Modifications

The register file modifications are minimal. We just increase the size of each
collector unit so that they can hold up to 6 values corresponding to the 6 operands that are

accessed by a merged instruction.

4.9 Nested Divergence

(A) (B) (€)

Block A Block A Block A
BIOCk B

Block B

Block C

Block H

Block |

Block E Block F

Block E

Figure 43: Nested Divergence Scenarios
It could happen that divergent paths are nested within other divergent paths as shown in
the Figure 43. Merging instructions from two divergent paths required extending each
instruction in the ISA with an extra operand set in order to accommodate two paths.
Similarly, if we decide to merge instructions from more paths, in case of nested
divergence, the ISA must be further extended to accommodate the newly merged paths.

For example, if we merge instructions from blocks D, E, and C in Figure 43-B these
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merged instructions must offer three operand sets to accommodate the three merged
paths.

After examining the benchmarks listed in section 5.2, we found out that the
occurrence of nested 2-way branch structures within 2-way branch structures is rare thus,
merging instructions from more than two paths will further complicate the ISA and
eventually the microarchitecture without offering major benefits in term of performance.
Thus, we decided not to merge instructions from more than two paths. However, we still
have to deal with nested divergence and the compiler must choose which paths to merge.
Consider Figure 43-B, since we are using one /IDOM-mask register, the compiler must
either merge block D with block E and in this case the IDOM-mask register would save
the mask of block B, or the compiler must merge blocks B and F with block C and in this
case the IDOM-mask register would save the mask of block A.

The compiler simply decides between these two options based on the number of
instructions that could be potentially saved by each merging scenario.

Note that in case the number of potentially saved instructions is equal the
compiler prioritize merging at the outer level (i.e. blocks B and F with block C) because
there is a higher probability that threads diverge at the outer level since the number of
threads at the outer divergent branch is greater than or equal to the number of threads at
the inner divergent branch.

Note that in case we want to merge both the outer and the inner divergent blocks
we can either save two IDOM masks, namely the mask of block A and the mask of Block
B or we can simply add an extra mask to the SIMT re-convergence stack that helps each
lane figure out which operand set it must access.

Regarding Figure 43-C the compiler compares the number of saved instructions if blocks
C and D are merged together and blocks G and H are merged together with the number of
instructions saved if blocks B and E are merged with blocks F and 1. Similarly to figure
43-B, the compiler prioritize merging the outer divergent blocks over the inner divergent

blocks in case of a tie.
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S. OPPORTUNISTIC INTER-PATH RE-CONVERGENCE
IMPLEMENTATION AND RESULTS

5.1 Methodology

Implementing this idea required the use of three tools: the compiler we built and
explained in section 4.4, a modified version of GPGPU-sim, and finally, a trace-based
simulator that we built to time the execution of the annotated code. Following we explain
the methodology used and how these three tools interacts together.

First, our source to source compiler reads the PTX assembly code generated by NVCC
and generates a PTX code with opcode convergent instructions annotated as described in
section 4.4.

Second, GPGPU-sim reads the annotated PTX and executes the application.
GPGPU-sim is modified to generate a detailed time trace for each instruction running in
each warp. By detailed time trace we mean the time each instruction spends in each
pipeline stage.

Third, our trace base simulator reads the traces generated by GPGPU-sim in stage
two and re-simulates the timing by merging the annotated instructions. This trace base
simulator simulates the round robin warp scheduler present in GPUs and GPGPU-sim, it
models the three pipelines (SP, SFU and MEM)) that are present in GPGPU-sim as well as
the operand collector.

This trace base simulator was tested with un-annotated traces and it generated exactly the
same timing as GPGPU-sim.

Since the trace-based simulator does not simulate the register file we decided to
be conservative in timing the register file accesses. In case of running an operand
convergent instruction, the simulator waits for the 2 sets of operands as if they are
accessed sequentially. For example, if a merged ADD instruction initially waits for 20
cycles to collects its operands when it is executed in the left path and 15 cycles to collects
its operands when executed in the right path. The merged version of this ADD instruction
will have to wait for 20+15 = 35 cycles for its operands to become ready. This
assumption is conservative, because the register file is banked and the access of both sets

could be overlapped.
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Since the trace-based simulator does not simulate the memory system we decided to be
conservative and not merge memory instructions. Memory instructions timing is exactly
the same as that in GPGPU-sim since these instructions are never annotated. Note that
this is conservative because if loads were merged we could amortize the cost of fetch,

decode and in some cases the loads could be coalesced.

5.2 Benchmarks:

We used a selection of benchmarks from the following benchmark suites: Parboil
[19], Rodinia [17], the benchmarks given with GPGPU-sim [18] and some irregular task
parallel benchmarks from [27]. The benchmarks were selected based on the ability of

GPGPU-sim to execute them to completion.

Name Description Ref
BFS breadth first search [17]
BH Barnes Hut [27]

FMM Fast Multipole Method [27]

NW Needlemen Wunsch [17]
NN Nearset Neighbour [27]
PC Point Correlation [27]

The studied benchmarks can be divided into four categories:
e Regular benchmarks like FMM. These Benchmarks do not exhibit any control
divergence.
e Irregular benchmarks with empty non-taken path like BFS and NW.
e Irregular benchmarks with two-path branch structures but that rarely diverge in

runtime like NN, PC, and BH.
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e Irregular benchmarks with both taken and non-taken paths non empty and which

actually diverges at runtime like Stencil, LPS, LUD, and Cholesky.

5.2 Experimental Results

The goal of opcode-convergent threads is to decrease the TLP loss upon
divergence. It does so by taking advantage of common opcode sequences used in both the
taken and non-taken paths of a branch. The applications studied were first analyzed
statically to check the potential of merging instructions. As expected, regular applications
or irregular applications with one-path branch structure, like BFS, did not show any
potential for merging. However, irregular applications with two-path branch structure
showed potential for merging (Figure 44). Note that these static numbers may or may not
actually translate to speedup upon execution because threads in a warp may not diverge at
runtime. In other cases, a low percentage of overlap may translate to high speed-up in
case the divergent blocks happen to be wrapped inside a loop. Hence the role of the static
analysis numbers reported in Figure 44 is just to prove the validity of the observation
mentioned in section 4.3 above: divergent blocks, even if performing completely
different computation, will have substantial percentage of common sub-sections when

considered at assembly level.

68
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Instructions among divergent blocks
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Figure 44: Static analysis: Percentage of mergeable instructions
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Among the studied irregular applications, Cholesky and LUD showed the highest
percentages of common opcode sequences among their divergent blocks. The highest
percentage was 85% in one set of divergent blocks in Cholesky, however the overall
overlap among all the divergent blocks within Cholesky was 65%. Note that Barnes Hut
had one set of potentially mergeable divergent blocks with a 62% overlap, however at
runtime Barnes Hut did not show any speed-up (around 1%) because the threads rarely

diverged.

14

1.2

1
0.8
0.6
0.4
0.2

0

speedup

Cholesky LUD LPS Stencil Average

H baseline GPU  ®Opcode-convergent threads

Figure 45 : Speedup upon exploiting opcode convergence

Figure 45 Shows the performance gains due to merging instructions from divergent paths.
On average the speedup for irregular applications with 2 path branch structure is 17%
while we did not see any slowdown for regular applications or irregular applications with
1 path branch structures. The highest speedup was seen with stencil and it was 22%.
These speedup numbers are prone to increase if the register file is modified so that the
access to the two sets of operands required by a merged instruction is allowed to overlap.
Figure 46 shows the number of saved instructions and on average we saved 21% on the

number of executed instructions.
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Figure 46: Percentage of saved instructions

The speedup we got is mainly due to executing fewer instructions after merging
similar opcodes from divergent basic blocks. However, the new scheduling resulting
from the merging of common sub-blocks and serializing the execution of non-common
sub-blocks increases the level of parallelism available for the warp scheduler and thus
could be contributing to the speedup. It is known that because divergent blocks are
independent, interleaving their execution increases parallelism and performance. The idea
was studied extensively by [12] and proved to be effective. While DPE interleaves the
execution of divergent blocks at the granularity of instruction and the traditional GPU
“interleaves” the execution at the granularity of the divergent basic blocks, a subsequence
of our execution model results in interleaving the execution at the granularity of “sub-
block” which increases the level of available parallelism to the warp scheduler compared
to the state of the art GPUs. Every time the execution moves to the complementary side
of a branch it is highly probable that the warp scheduler finds a ready instruction waiting
to be scheduled since the data dependencies will be met by then. Since our execution
model results in more frequent jumping between the two sides of a divergent branch the
scheduler will have more opportunities at scheduling instructions and hiding latencies.
For that we measured the percentage of idle cycles where the scheduler could not find an
instruction ready to issue and we saw a 3% improvement in the number of these idle
cycles compared to executing the same application under the traditional SIMT execution

model.
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5.3 Conclusion

This work presents a more fine-grained approach to exploit intra-warp convergence:
rather than threads executing the same code path, opcode-convergent threads execute the
same instruction, but with potentially different operands. Based on this new definition we
find that divergent control blocks within a warp exhibit 62% opcode convergence. We
build a compiler that analyzes divergent blocks and identifies the common streams of
opcodes. Moreover, we suggest modifications to the ISA, the SIMT stack and the
scoreboard to handle the execution of opcode convergent threads. Using software
simulation, we achieve a 17% speedup over baseline GPU for irregular workloads and do
not incur any performance loss on regular workloads. The proposed technique is
complementary to all previously suggested techniques that deals with control divergence.
It does not increase the memory footprint of the warps which is a drawback of many
previous works. Simulation showed that opcode convergent threads ends up executing
21% less instructions compared to baseline SIMT execution model. Moreover, merging
divergent basic blocks gives the warp scheduler more scheduling opportunities which
boost thread level parallelism. On average the number of idle issue cycles decreased by

3%
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6. LOCALITY-AWARE TASK-PARALLEL EXECUTION ON GPUS

6.1 Introduction

GPGPUs have proven themselves to be a cost-effective way of accelerating
applications. The single-instruction, multiple-thread (SIMT) execution model of
GPUGPUs provides massive amounts of parallelism while remaining energy efficient.
The hardware of the GPU is limited to keep power consumption low. Most prominently,
the SIMT execution model requires that all threads in a warp perform the same
instruction at the same time to enjoy parallelism; if different threads do different work,
some threads sit idle and parallelism is lost. Second, there is relatively little hardware
support for hiding latency---the core cannot execute instructions out of order, nor are
there forwarding networks to help mitigate the penalty of long-latency instructions---
instead, the GPU relies on massive multithreading to hide latency, keeping hundreds or
even thousands of threads in context to swap in and out during long-latency operations.
Perniciously, this means that not only does the GPU support massive parallelism, it needs
massive parallelism for effective execution. Finally, caches are small compared to their
CPU counterparts, especially when considered on a per-thread basis (thousands of threads

spread a 1 MB cache very thin!)

As aresult of these limitations, not all applications can execute efficiently on
GPUs. GPUs are well-suited to regular, data-parallel applications, where the well-
structured computation is performed on different pieces of data. In these applications, the
similarity of the computations performed in parallel means that there are not substantial
penalties for executing in a SIMT manner. Moreover, the data-parallel nature of the
application means that it is easy to generate enough parallelism to fill the GPU, allowing

for effective multithreading.

However, for task parallel applications, where parallelism arises from independent,

distinct tasks that run simultaneously, GPUs are not nearly as attractive a target.
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e First, the fork-join nature of task parallelism does not map well to standard GPU
programming models such as CUDA [32] or OpenCL [30].

e Second, even if there is data parallelism in these applications (either because
individual tasks have data parallel work, or because there is some parallel outer
loop in the application), there may not be enough parallelism to effectively use the
GPU's resources.

e Third, even if the tasks of the program could be mapped to the GPU, the limited

memory subsystem of the GPU can lead to poor performance in data-heavy tasks.

There has been recent work on turning task parallelism into data parallelism to map
task-parallel applications to hardware (including GPUs) that is made for data parallelism
[26, 33, 34]. These proposals either require hardware changes [26, 33] or target fine-

grained data parallelism in SIMD units [34]. None of these approaches consider locality.

In this work, we propose a locality-aware, task-queue abstraction for mapping task
parallel applications to GPUs. The basic approach is to expand task parallel work on the
CPU to generate a large number of tasks. These tasks are then inserted into one or more
task queues according to the type of computation they perform and, crucially, the locality
properties of the tasks. These queues are then merged into a single queue that is sent to
the GPU, where they are executed in a data-parallel manner, with each task executing to
completion on the GPU. This model has several features. First, by expanding out the
task-parallel work on the CPU, we avoid needing to handle task-parallelism on the GPU;
instead, once execution begins on the GPU, it is purely data parallel. Second, because the
task queues are partitioned based on operation type, the tasks that execute simultaneously
are computationally similar, promoting efficient SIMT execution. Finally, the locality-
aware nature of the queues promotes tasks in the same queue having overlapping memory
footprints, reducing cache pressure and hence improving performance relative to a

locality-unaware approach.

We evaluate this queue abstraction on three applications: a task-parallel

implementation of the fast multipole method, and two data mining applications that
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feature a mix of data-parallelism and task-parallelism, nearest-neighbor and two-point
correlation. In all three cases, we demonstrate that our locality-aware approach delivers
better performance than a locality-agnostic one. For the mixed applications, not only do
we show that our locality-aware approach is better than the locality-agnostic approach,
but we also show that in the absence of very large amounts of data parallelism (for
example, only 200,000 data-parallel iterations), our task-parallel approach, by exploiting
additional parallelism, is also significantly faster than the best-available implementations,
which exploit only data parallelism.

The remainder of this chapter is organized as follows.

Section 6.2 discusses some previous works that considered different programing models
for GPUs.

Section 6.3 provides background on GPGPU programming and task parallelism.

Section 6.4 discusses our basic task-queue-based technique for exploiting data
parallelism in task-parallel applications.

Section 6.5 discusses the need for locality aware scheduling of subtasks. Section 6.6
discusses the implementation, Section 6.7 evaluates our system on the four applications

mentioned above, and Section 6.8 concludes.

6.2 Related Works

Due to the increasing prevalence of hardware resources for data parallelism
(GPUs, SIMD units, etc.), there has been significant recent interest in techniques for
mapping task-parallel computations to data parallel hardware. Gaster and Howes propose
a abstraction for executing Cilk-style task-parallel programs on GPUs, where the GPU
hardware manages queues for each type of task, and provides support for de-queueing
and in-queuing new tasks [26]. Orr et al. presented an instantiation of the channels model
and showed its efficacy on several small Cilk-style programs [33]. Both of these
approaches require hardware support, and hence are not suitable to executing task-
parallel programs on commodity data-parallel hardware. Moreover, the channels
abstraction does not consider locality between tasks; it only concerns itself with grouping

together tasks with similar computation.
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More recently, Ren et al. described a series of code transformations that transform task-
parallel algorithms into recursive algorithms: recursive algorithms where each method
invocation performs a block of tasks, rather than a single task [34]. These blocks can be
executed efficiently in a vectorized manner. While Ren et al.'s general approach---
transforming independent, parallel tasks into data-parallel blocks of tasks---is similar to
ours, their technique does not apply in our setting
for two reasons:

1) they target vector units on CPUs, and hence can support code transformations

that require fine-grained interleaving of SIMD and scalar operations;

2) more importantly, the applications they study only manipulate the stack, and

hence their technique does not have to account for locality considerations.

In a more general sense, models for executing work-queues on GPUs have been studied
extensively in the literature. The persistent threads model [28] proposes maintaining a
CPU-managed work-queue along with a specially-designed GPU kernel where a limited
number of threads each run a simple get-work/execute-work loop until the software-
managed queue is empty. This style of programming can be conducive to expressing
idioms, such as producer-consumer dependences, that data-parallel programs are ill-
suited to capture. This model has been used to implement several work-queue-style
applications [23, 31]. For the most part, persistent-thread applications do not consider
locality in mapping tasks to threads. Moreover, unlike in a persistent thread model, our
approach does not attempt to limit the number of threads executing on the GPU; instead,
the entire queue of tasks is sent to the GPU at the same time, to maximize the

effectiveness of hardware multithreading.

Chen at al. do consider locality concerns in a persistent-thread-like model [24]. In
their programming model, tasks in a task-queue can generate new tasks that may operate
on similar data to the parent tasks. They use a compiler-based code transformation to map

child tasks to the threads that executed the parent task, to promote reuse. In contrast, our
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approach considers locality between the tasks that are mapped to the same warp---in
other words, locality between tasks that are executed by different threads, rather than
consecutively on a single thread---in an attempt to improve memory coalescing and
minimize cache pressure. Wu et al. perform affinity scheduling, mapping tasks with
overlapping footprints to the same Streaming Multiprocessor (SM) [36]; this notion of
locality is far more coarse-grained than the warp-focused affinity scheduling we pursue.
Moreover, neither Chen et al. nor Wu et al. focus on the type of task-parallel applications

that we tackle.

Goldfarb et al. looked at mapping tree traversal applications to the GPU, as with
two of our example benchmarks [27]. They adopt a fully data-parallel approach, meaning
that their implementation relies on inputs with a large number of traversals to obtain good
performance. Moreover, they do not consider locality between threads, relying on ad hoc,
programmer-provided scheduling decisions. Liu et al. expanded on this work by
developing a hybrid scheduling framework that attempts to reschedule traversals based
on similarity [29]. As in Goldfarb et al.'s work, Liu et al. only consider fully data-parallel
implementations, and rely on high degrees of data parallelism for their scheduling to be
effective. Their implementations, which represent highly optimized GPU

implementations of tree traversal applications, form the baseline for our experiments.

6.3 Background and Motivation
6.3.1 GPU Architecture and Limitations

A typical GPU consists of multiple streaming multiprocessor units (SMs), each of
which features multiple simple cores, a register file, an L1 cache, and a shared memory
used by threads within the same thread block to communicate (in NVIDIA GPUs, the
shared memory and L1 cache share the same hardware structure, which can be partitioned
between the two in different ratios, depending on the workload). There is also a shared
L2 cache among all the SMs on the GPU. Finally, there is an off-chip, global memory
accessible by all the SMs.
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Execution on a GPU consists of a kernel that is expressed in terms of a thread grid ---a set
of threads that execute in parallel to complete the kernel. The thread grid is executed
across one or more of the SMs on the GPU. To facilitate this execution, the threads in the
grid are partitioned into multiple thread blocks. While different thread blocks may
execute on different SMs, all the threads in a single block are guaranteed to execute on a
single SM. As a result of this thread partitioning, threads in a thread block can
communicate through shared memory, but threads in a grid can only communicate

through global memory.

Within a thread block, execution proceeds by dividing the block into warps:
groups of 32 threads that execute simultaneously on the SM's 32 cores. These threads
execute in a lockstep, SIMT (single instruction multiple thread) manner, for efficiency:
all threads must be executing the same instruction for computations to be performed in
parallel, and if some threads want to execute different instructions, some of the 32 cores
sit idle until the threads in the warp return to executing the same instruction. Paired with
this control divergence is memory divergence: if multiple threads in the warp issue a
load, all the threads must wait until all of the loads complete before proceeding. Hence, if
some loads miss in the cache, the entire warp can stall for a long time before resuming

execution.

As a final complication, GPU cores are extremely simple---in order, no
forwarding networks, no branch prediction, etc. Instead, performance is maintained in the
face of pipeline stalls and memory divergence through massive multithreading:
NVIDIA's latest Kepler GPUs can keep up to 64 warps (2048 threads) in context at the
same time, and will context switch between these warps on stalls. Note that this massive
multithreading means that a GPU's memory system is much smaller than a CPU's on a
per thread basis: a CPU hardware context (core) has access to a 64 KB private L1 cache,
and a ~ 1 MB L2 cache and ~6 MB L3 cache shared among 4-12 cores. In contrast, an
SM's 16-64KB of L1 cache is shared among up to two thousand threads, and its ~1.5 MB
of L2 cache is shared among all of the SMs in the system. On the flip side, while the
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amount of memory per thread may be small, the GPU features extremely high throughput
to keep the threads fed.

These hardware features conspire in destructive ways when writing programs that do not
have very well-structured computation and memory accesses:

¢ A GPU needs large amounts of parallelism to sustain throughput under memory
stalls.

e Memory stalls are more likely due to the SIMT architecture if different threads in
the same warp have divergent memory footprints, as each SIMT-coalesced
memory access is more likely to result in cache misses.

e These memory stalls require even more parallelism to hide the resulting latency,
which places even more pressure on the memory system.

Unsurprisingly, then, while GPU implementations attain extremely high speedups
over CPU implementations for data-parallel, regular applications, as programs
become less regular and less data-parallel, speedups become harder to attain.

This work describes one approach to achieve good speedup for a class of

irregular, task-parallel applications.

1. corr(KDNode n, Point p, float r) {
2. if (canCorrelate(n, p, r)) return;
3. else

4, if (n.isLeaf && dist(n, p) <r)
5. p.count.accum(1);

6. else if (In.isLeaf){

7. spawn corr(n.left, p, r);
8. spawn corr(n.right, p, r);
9. }

10. }

Figure 47: Task-parallel implementation of point correlation
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corr(n.r)

corr(n.l.L.r)

Figure 48: Computation tree for point-Correlation

6.3.2 Task Parallelism

In this work, we consider mapping task-parallel applications on GPUs. In
particular, we consider recursive and task-parallel applications where parallelism arises
from executing multiple recursive function invocations simultaneously. Figure 47 shows
a task-parallel implementation of a recursive algorithm to compute two- point correlation.
The algorithm takes a point p and traverses a kd-tree structure to determine how many
points in a metric space are within a specified radius r of that point. Because the kd-tree is
a binary tree, each subtree can be searched independently, as indicated by the use of the
spawn keyword (we borrow the keyword from Cilk [22], perhaps the most well-known
task-parallel programming languages). Following the approach of Ren et al. [34], rather
than using sync and return values to perform the final correlation computation, we instead
accumulate into a Cilk-style reducer [25]. In section 6.4, we explain how we use this

reduction approach in our implementations.

Two-point correlation has substantial amounts of parallelism, but, nevertheless, is poorly
suited to mapping to a GPU: the parallel operations do not arise from a data parallel loop;
the parallel operations have very different memory footprints; and the computation itself

is highly irregular. While some data-parallelism does arise because this task-parallel
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computation can be repeated for different points, there may not always be enough data
parallelism to provide the parallelism the GPU requires. The best-available GPU
implementation of point correlation [29] relies on massive data parallelism to effectively

manage the irregularity of the computation.

6.4 Data Parallel GPU Execution of Task Parallel Code

This section presents our basic technique for extracting data parallelism from task-
parallel programs. It shares some basic similarities with the approach of Orr et al. [33]
and Ren et al. [34], in that it “expands” out the task parallel work to generate enough
tasks that can subsequently be executed in a data parallel manner. Unlike the prior two
approaches, though, our approach focuses on cooperation between the CPU and GPU to

generate the necessary tasks.
6.4.1 Basic Technique

The key insight underpinning our approach is that the execution of a recursive,
task-parallel program with no syncs can be viewed as an execution tree: a pro- gram
begins at the root of the tree, and at each spawn call generates two leaves: one for the
spawn, and one for the continuation. If there is no continuation (i.e., the spawn is the last
operation in the function), then only one leaf is generated. Hence, in a code like the point
correlation code of Figure 47, non-base-case executions generate interior nodes of the
tree with two leaves each, for each of the spawn calls, and base case invocations of the
corr method create leaves of this execution tree. Figure 48 shows an example of the
execution tree, with base-case tasks shaded gray. Some of the nodes are labeled with the
node argument passed to the task. Note that the nature of the point correlation algorithm
means that the execution tree corresponds to the actual tree that is being traversed: each
method invocation corresponds to operating on a subtree of the overall kd-tree. This

connection will become pertinent in Section 6.5.

Because of the nature of task-parallel execution, the nodes in this computation
tree can be executed in any order, provided that ancestors always execute before

descendants. As nodes are executed, the “frontier” of non-executed nodes represents the
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set of tasks that are left to be executed (so, for example, in a Cilk-style runtime system,

the contents of the threads’ deques are this frontier).
Our execution model, then, is straightforward. Figure 48 illustrates the steps.

1. Partially expand the computation tree on the CPU, until a sufficient frontier is

generated. (The nodes inside the red rectangle of Figure 49)

Step 1 : Partially expand
the computation tree on
the CPU, until a sufficient
frontier is generated.

Figure 49: Partial expansion of the computation tree by the CPU

2. Place all the tasks in this frontier into a queue (shown in step 2 of Figure 50). Note that
each of these tasks, by definition, is independent from the others. Moreover, each
task can be executed to completion sequentially, executing the entire subtree

rooted at that task.

Step 2: Place all the tasks in
this frontier into a queue

Figure 50: Different tasks are assigned to different queues

3. Execute this task queue in a data parallel manner on the GPU, with each task
maintaining its own reduction result. Because of the nature of reduction

computations [24], each of these tasks can perform its reductions independently.



86

4. Return the reduction objects to the CPU to be combined to produce the final result.

Note that because of the recursive nature of the tasks in the applications we consider,
each of the tasks has a fairly similar computational fingerprint. This similarity between
tasks helps reduce control divergence. Memory divergence, though, is another issue, as

Section 6.5 elaborates.
6.4.2 Generating GPU Task Queues

The process of enqueuing tasks into the task queue for execution on the GPU is
straightforward, and can be accomplished by a basic code transformation. Because
spawned tasks are independent of their execution, it is also safe to not execute them, and
instead defer their execution until a later point in time. Hence, during sequential
execution of a task-parallel program on the CPU, whenever a threshold is hit, spawned
tasks are not executed, but are instead enqueued onto a task queue that will be sent to the
GPU. Figure 51 shows a version of our point correlation example that performs this en-

queuing.

1. corr(KDNode n, Point p, float r) {

2 if (IcanCorrelate(n, p, r)) return;

3 else

4 if (n.isLeaf && dist(n, p) <r)

5. p.count.accum(1);

6 else if (In.isLeaf)

7 if (IthresholdMet)

8 spawn corr(n.left, p, r);

9. spawn corr(n.right, p, r);
10. else

11. gpuQ.addTask(n.left, p, r);
12. gpuQ.addTask(n.right, p, r);}
13. }

Figure 51: Transformed point correlation algorithm to enable GPU task queue

Note that we do not attempt to perform the CPU work in parallel, though it could
reasonably be parallelized; because the work up to the frontier represented by the task

queue is small compared to the overall work in the program, executing this work
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sequentially is a minor overhead, and simplifies implementation.

6.4.3 Mixing Data Parallelism and Task Parallelism

As mentioned in Section 6.3.2, some applications have a mix of data and task
parallelism. In particular, applications such as point correlation often have a data parallel
outer loop (in this case, iterating over multiple points), where each iteration of that data

parallel loop performs task-parallel work.

Integrating such algorithms into our framework is simple: we merely execute the
data-parallel outer loop sequentially, and, upon entering a task parallel iteration, execute
it according to the scheme above. Because most of the work is performed by the tasks
enqueued into the GPU queue, the data parallel outer loop will “finish,” having enqueued
most of its computation into the GPU queue. We can then execute the GPU queue and
proceed as before. This transformation is safe, since the data-parallel iterations are
independent of one another, and each iteration’s task-parallel tasks are also independent,

hence all the tasks, even if they arise from different iterations, are independent.

Note that in the particular case of point correlation, this execution strategy leads to
poor data locality. Suppose we want to process 1000 points. Suppose, further, that the
enqueuing threshold for the task parallel computation is two levels deep in the tree (as in
Figure 49). Then each point’s execution will lead to the creation of four tasks, touching
four different subtrees of the kd-tree, and overall 4000 total tasks will be created, with
1000 tasks touching each subtree. However, if the tasks are placed into the GPU queue in
order, then each of a point’s tasks will be placed contiguously into the queue. Because
these threads are likely to be placed in the same warp during GPU execution, each warp’s
memory footprint will span the entire tree, leading to very poor locality, and hence poor

performance. The next section discusses how to solve this problem.

6.5 Scheduling for Locality

The execution strategy outlined in the previous section solves the initial problem
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of executing a task-parallel application on hardware built for data-parallelism. But, as
pointed out in Section 6.3.1, while GPUs are very efficient data-parallel execution
engines, their efficiency comes with several drawbacks. In particular, the memory
resources of the GPU are not well-matched to the massive parallelism that efficient
execution requires: the GPU features substantial bandwidth (al- lowing the threads to be
fed), but very small cache resources. As a result, GPUs work well in streaming workloads
or workloads with small reuse footprints. But in workloads with large amounts of reuse
but also large footprints, the small caches can dramatically reduce performance. Indeed,
to avoid the thrashing that can result from too many threads contending for the same
small caches, it is often necessary to reduce an SM’s warp count from 64 (the maximum
supported) to only four or five [4]. Unfortunately, the kinds of irregular, task-parallel
workloads we target are precisely workloads that feature substantial parallelism (due to
our execution strategy), but potentially-large memory footprints (the trees traversed in
point correlation, for example, can feature millions of nodes). Another problem arises in
combating memory divergence: while keeping the footprint of a block to a minimum to
avoid cache thrashing is important, it is also important to ensure that the threads of a
single warp do not encounter widely varying memory latencies: if one thread in a warp
encounters a cache miss while the others do not, all the threads pay the penalty of that

cache miss.

To address these problems, we propose locality-aware queue scheduling. Orr et al.
proposed a multi-queue strategy for executing task parallel program where different
queues correspond to different types of computations (to reduce control divergence) [33].
Instead, we propose to use multiple queues where different queues correspond to
different locality domains: an abstract notion of the region of memory a task might
access. We create a separate queue for each such locality domain, and tasks expected to
access similar regions of memory will be assigned to the same queue. By placing threads
from the same locality domain together, we promote threads in the same warp touching

similar pieces of memory, both reducing footprints and decreasing memory divergence.

Locality-aware scheduling requires some understanding of the memory access patterns of

the tasks that are being scheduled. This is inherently an application- specific property:
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various features of the application, and the specific task, might be used to map the task to
a particular locality domain. To support this type of scheduling, we add an additional
parameter to the addTask hook, where the programmer can pass the result of evaluating a

simple function to compute the locality domain for the scheduled task.

In many cases, it is straightforward to determine a task’s locality domain. For
example, in tree-based benchmarks, we originally start with independent tasks each
accessing the whole tree i.e. we start with one locality domain. When subdividing these
tasks into independent subtasks, each traversal gets divided into multiple traversals each
accessing a part of the tree. This suggests a very simple representation of each locality
domain: the node the task is invoked on, which is the root of the subtree it will access.

Thus, the two addTask calls from Figure 51 can be replaced with the following:

a. gpuQ.getQueue(n.left).addTask(n.left, p, r);
b. gpuQ.getQueue(n.right).addTask(n.right , p, r);

Note the effect of this implementation on the mixed data- and task-parallelism scenario
from Section 6.4.3. If there are four different subtrees that an enqueued task could access,
there will be four separate queues. Each point will enqueue its four tasks onto the four
separate queues, and task from different points that access the same subtree will be

placed next to each other in each of the queues, promoting locality.
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Figure 52: Locality aware queue

6.6 Implementation
6.6.1 Determining the Queue Threshold

The pseudocode in Figure 51 uses an arbitrary threshold for determining when to
stop expanding out the computation tree and to instead enqueue tasks into the GPU queue
for later execution. In general, the threshold is application- specific, and possibly input-
specific. However, we have found that a good rule of thumb is to ensure that the memory
footprint of each task is fairly small. Recall that GPUs have limited per-thread memory
resources. Hence, if the tasks in the task queue have large footprints, each thread will
demand substantial amounts of memory, increasing the per-block memory footprint and
lowering performance. Moreover, by keeping tasks relatively small, the likelihood that
tasks diverge significantly during execution is reduced, helping further mitigate control
divergence. Finally, by keeping individual task footprints small, the total number of tasks
increases (because the CPU waits longer before hitting the enqueue threshold), creating
enough parallelism to keep the GPU busy. So, for example, in our point correlation
example, we might set the threshold at a depth such that the subtree visited by each

enqueued task is relatively small.
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6.6.2 Queue Merging

If there are many locality-based queues, the overhead of sending each queue to
the GPU separately can be prohibitive. Instead, once the queues are constructed by the
CPU expansion of the computation tree are complete, the queues are merged into a single
queue and sent to the GPU. Because the threads in the uni- fied queue are still ordered
according to their locality-based queues, the schedule of execution will still be consistent

with the locality-aware grouping.
6.6.3 Queue Size Reduction

If there are too many tasks in the queues after expansion, there may be too much
parallelism for the GPU, resulting in more scheduling overhead. To avoid this, we
implement a queue size reduction optimization. Rather than passing the task queue to the
GPU to be executed with a simple do-all loop, where each iteration gets mapped to a
separate thread, we can instead rewrite the task queue loop so that each thread processes
two (or more) tasks from the queue (essentially, by strip mining the loop that processes
the task queue). Because each thread will execute consecutive tasks in the task queue, the
locality-aware scheduling policy will promote those two tasks’ having overlapping
memory footprints, thus not increasing the memory footprint of a given thread,

coarsening the computation without increasing cache pressure.

Note that this general strategy: of having a smaller number of threads exe- cute a
larger number of tasks by scheduling multiple tasks per thread, is similar to the approach
advocated by persistent threads [28]. A key difference is that persistent threads
approaches dynamically schedule tasks to threads, while we statically schedule tasks to
threads. While dynamic scheduling can be more flexible, our static scheduling has two

advantages:

1) static scheduling means that the multiple tasks scheduled to each thread a

are guaranteed to come from the same locality domain, improving locality.

2) static scheduling means that we avoid the runtime overhead of managing the

task queue.
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6.7 Evaluation

We evaluate our locality-aware task scheduling approach on three task-parallel
applications: fast multipole method (FMM), point correlation (PC), and nearest- neighbor
(NN). The CPU on which the experiments are conducted has 2 AMD Opteron 6164 HE
processors, each of which has 12 cores running at 1.7 GHz, with 32 GB of system
memory. The GPU on which the experiments are run is an nVidia Tesla K20C with 5120
MB of RAM and 2496 CUDA cores. The runtimes of our implementations include the
time spent on the CPU to generate tasks and communicate the task queue to the GPU, as
well as the time to retrieve the reduction objects from the GPU and complete the
reduction. In other words, our implementations’ runtimes are directly comparable to

GPU-only execution.
6.7.1 Fast Multipole Method

The fast multipole method is a fast approximation algorithm for the n-body
problem. It operates by performing a bottom-up traversal of an quad-tree, at each level of
the tree computing for each subtree at that level the forces con- tributed by the bodies in
that subtree on neighboring subtrees. The task paral- lelism in this program arises because

the subtrees can be processed in parallel.

For FMM, we compare a locality-agnostic implementation of our approach to one
where subtrees represent locality domains, and hence tasks that operate on the same
subtree are grouped together. Figure 53 shows the speedup of the locality-aware approach
to the locality-agnostic approach, with two different task granularities: one where tasks
originate 6-levels deep in the tree, and one where they originate 7-levels deep. We see
that with the coarser-grained tasks, being locality-aware provides a 1.34x speedup. With
finer-grained tasks, where grouping together similar tasks results in a smaller footprint
that better utilizes the GPU’s caches, we can achieve a 2.36x speedup over the locality-

agnostic implementation.
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5460 threads 21844 threads

Figure 53: Speedup of locality-aware FMM over locality-agnostic FMM

6.7.2 Point Correlation

Point correlation, our running example, is a mixed data- and task-parallel bench-
mark: each of a set of independent points traverses a tree (data parallelism), and those
points can traverse the tree in parallel by processing independent subtrees simultaneously
(task parallelism). Unlike for FMM, where we compare the locality-aware and locality-
agnostic implementations of our framework, for PC, we also compare against an

optimized GPU baseline [29]. This GPU baseline exploits only data parallelism.

Figure 54 shows the speedup of our locality-agnostic and locality-aware task
queue implementations over the data-parallel baseline. We varied both the enqueuing
threshold (a given number of trees is the number of tasks per point we generate) and the
number of traversals we perform. We see that the locality- aware implementation is
consistently faster than the locality-unaware implementation. Indeed, the locality-aware
implementation is consistently faster than the baseline data-parallel implementation.
Further, we see the effect of the enqueuing threshold on performance: for this particular
application, generating four tasks per point provides a good balance between overhead
(more tasks means more work generating tasks and performing reductions on the CPU)

and locality. Finally, we see that when there are only a small number of traversals, the
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data-parallel implementation is significantly slower than our mixed implementation, as
we are able to generate additional parallelism to keep the GPU busy, achieving a speedup

of almost 3x over the optimized baseline.

35

M locality-agnostic

M locality-aware

2trees | Atrees | 8trees | 2trees | 4trees | 8trees | 2trees | 4trees | 8trees | 2 trees | 4 trees | 8 trees

2,000 traversals ‘ 20,000 traversals 100,000 traversals 200,000 traversals

Figure 54: Speedup of PC over data-parallel GPU baseline

6.7.3 Nearest-Neighbor

We perform a similar experiment as PC for our nearest-neighbor benchmark,
again comparing our locality-agnostic and locality-aware implementations to an
optimized, data-parallel-only baseline. Figure 55 shows again that our mixed
implementations are consistently faster than the data-parallel-only implementation, and
that adding locality awareness consistently adds performance. We again see the effect of
being able to exploit additional parallelism: for 20K point inputs, our locality-aware task

queue implementation is over 50x faster than the baseline.
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Figure 55: Speedup of NN over data-parallel GPU baseline

6.8 Conclusion

This work presented an approach to exploiting task-parallelism on GPUs by
performing partial execution on the CPU to generate a queue of data-parallel tasks that
can be executed on the GPU. We then showed how multiple such task queues can be used
to add locality-awareness, with the goal of shrinking the memory footprint of individual
warps to reduce cache pressure. Preliminary results are promising, showing not only that
our approach to exploiting task-parallelism can result in efficient implementations, but
also that locality- awareness can significantly boost performance. Indeed, for an
implementation of nearest-neighbor, our approach yields a performance improvement of
50x over an optimized data-parallel implementation. Future work could explore methods
of defining locality domains for applications where statically defining the domain is not

possible.
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APPENDIX A.

Longest Common Subsequence
LCS is the problem of finding the longest subsequence common to all sequences in a set
of sequences, 2 sequences in our case.

A sub-sequence is a sequence that appears in the same relative order, but not necessarily

contiguous.
{ LCS(“AXYT”, “AYZX") ]
[ LCS(“AXY”, “AYZX") ] [ LCS(“AXYT” , “AYZ") ]
./_/\‘ ./_/\‘
2
LCS(“AX” LCS(“AXY” , LCS(“AXY” , LCS(“AXYT” ,
“AYZX") “AYZ”) “AYZ") “AY”)
J

~
LCS(“A”, LCS(“AX” , LCS(“AX”, LCS(“AXY”, LCS(“AX” LCS(“AXY” LCS(“AXY” LCS(“AXYT
”AYZX") ”AYZ”) ”AYZ") ”AY") , ”AYZ”) ’ ”AY”) ) IIAYII) ", uAu)
7

Figure 56: LCS example

LCS can be solved using dynamic programming because it has both an optimal
substructure and the sub-problems are overlapping.

e It has an optimal substructure because the optimal solution can be constructed
from the optimal solutions of the subsequence of the sequences in question.

e The sub-problems are overlapping because the space of sub-problems is small and
any algorithm that solves the problem use the solutions of the sub-problems over
and over again rather than generating new sub-problems

The solution using dynamic programming requires saving the solutions of the sub-
problems in a table as shown in Figure 37 above.

So given the sequences X=AXYT and Y=AYZX

If the last characters of the 2 sequences are equal, then

e LCS(X[0,m], Y[O,n])=1+LCS( X[0,m-1], Y[O,n-1]) (1)
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If the last 2 characters are not equal, then
e LCS(X[0,m], Y[0,n] ) = MAX( LCS( X[0,m-1], Y[0,n] ), LCS( X[0,m], Y[0,n-1]))  (2)

So it is clear from equations (1) and (2) above that LCS has an optimal substructure.

0 ifi=00rj=0
LCS(X“ }/J) = LCS(Xi_l,Y}_l) ~Z; lfl,] > 0 and Ti =Yj
longest{ LCS(X;,Y;_1),LCS(X;_1,Y;)} ifi,j>0andz; #y;.

Now if we draw the tree of the solution (Figure 56) for the strings given above we find
that some that some of the sub-problems are repeated. all the nodes with same fill color
(other than white) in Figure 56 solve the same sub-problem.

Thus if the sub-problem is solved once and its result is saved we do not have to re-

compute the LCS of the same strings when we re-encounter the same sub-problem.
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APPENDIX B.

PTX instruction set:

PTX stands for parallel thread execution. It is a pseudo assembly language used in the

programming environment of NVIDIA.

Given a CUDA program the NVCC compiler generates PTX. Later the graphics driver

has a compiler that translates PTX into a binary code that can run on NVIDIA’s GPUs.

PTX instructions generally have from zero to four operands, plus an optional guard

predicate appearing after an ‘@’ symbol to the left of the opcode.

Integer Arithmetic instructions:

Add Addition

Sub Subtract

Mult Multiply

Addc Add 2 values with carry-in and optional carry out

Subc Subtract one value from another with borrow-in and optional borrow-out
Mad Multiply 2 values and add a third value

Mul24 | Multiply 2 24-bit integer value

Mad24 | Multiply two 24-bt integer values and add a third value
Sad Sum of absolute differences

Div Divide one value by another

Rem The remainder of integer division
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Abs Absolute value

Neg Arithmetic negate

Min Minimum of two values

Max Find the maximum of two values

Floating point instructions:

Add Addition

Sub Subtract

Mult Multiply

Fma Fused multiply add

Mad Multiply 2 values and add a 3" value
Div Divide one value by another

Abs Absolute value

Neg Arithmetic negate

Min Minimum of 2 values

Max Maximum of 2 values

Rep Take the reciprocal of a value

Sqrt Take the square root of a value

Rsqrt Take the reciprocal of the square root of a value
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Sin Find the sine of a value

Cos Find the cosine of a value

Lg2 Find the log, base 2, of a value

Ex2 Find the base-2 exponential of a value

Comparison and selection instructions:

Set Compare two numeric values with a relational operator, and optionally
combine this result with a predicate value by applying a Boolean operator.

Setp Compare 2 numeric values with a relational operator, and optionally
combine this result with a predicate value by applying a Boolean operator

Selp Select between source operands, based on the value of the predicate source
operand

slct Select one source operand, based on the sign of the third operand

Logic and shift instructions:

And Bitwise AND

Or Bitwise OR

Xor Bitwise exclusive OR

Not Bitwise negation; one’s complement
Cnot c/c++ style logical negation

Shl Shift bits left, zero-fill on right




101

shr Shift bits right, sign or zero fill on left

Data movement and conversion instructions:

Mov Set a register variable with the value of a register variable or an immediate
value

Ld Load a register variable from an addressable state space variable

St Store a register to an addressable state space variable.

Cvt Convert a value from one type to another

Texture instructions (provides access to texture memory):

Tex Perform a texture memory lookup

Control flow instructions:

{} Instruction grouping

@ Predicated execution

Bra Branch to a target and continue execution there
Call Call a function, recording the return location
Ret Return from function to instruction after call
Exit Terminate a thread
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Parallel synchronization and communication instructions:

Bar Signal arrival at a barrier and wait

Membar | Memory barrier

Atom Atomic reduction operations for thread-to-thread communication

Red Reduction operations on global and shared memory

vote Vote across thread group

Miscellaneous instructions:

Trap Perform trap operation

Brkpt breakpoint

Pmevent | Performance monitor event
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