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Function Inlining Optimization

e Pros:

o Reduces overhead due to entering and exiting functions.

» Eliminates the instruction required to function calling
» Not needing registers to pass arguments (reduces register spilling)

o Opens opportunities to subsequent optimizations
» e.g., Constant propagation, hoisting out part of the function in LICM, expand the
scope of register allocation

e Cons:

o Increases code size

o Larger code size reduces the temporal locality
» Thus, decreases the performance of the instruction cache
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Factors to Consider When Inlining

e Callee Size:

o Usuallyitis better to inline smallerfunctions and leave the larger ones as calls.

o Hotness of Call-Site:
o A call to a large function which is executed frequently could be more beneficial

to inline than a call to a small function that is rarely reached.

LLVM has many magic numbers and heuristics to compute the

profitability of inlining a callsite.

Include/llvm/analysis/inlinecost.h

46 | // Various magic constants used to adjust heuristics.

47| int getInstrCost();

48 | const int IndirectCallThreshold = 100;

49 | const int LoopPenalty = 25;

50 | const int LastCallToStaticBonus = 15000;

51| const int ColdccPenalty = 2000;

52| /// Do not inline functions which allocate this many bytes on the stack
53| /// when the caller is recursive.

54 | const unsigned TotalAllocaSizeRecursiveCaller = 1024;

55| /// Do not inline dynamic allocas that have been constant propagated to be
56| /// static allocas above this amount in bytes.

57 | const uint64_t MaxSimplifiedDynamicAllocaToInline = 65536;
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Inline optimization

Before Inline
Caller Callee

int func(int y) int pred(int x)

{
¢ .
return pred(y) + pred(0) + pred(y+1); Calls if (x == 0)

} > return 0;
else
. return x -
3 Callsites )
After Inline
int func(int y)
{
int tmp;
if (y ==0) tmp = 0; else tmp =y - 1; /* (1) */
if (06 ==0) tmp += 0; else tmp += 0 - 1; /* (2) */
if (y+1 == 0) tmp += 0; else tmp += (y + 1) - 1; /* (3) */
return tmp;
h
In LLVM, inline optimization is done atIR level
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O3’s Function Inlining

1. At lower optimization levels, function inlining can be controlled in a number
of ways, i.e.,
» explicit use of always_inline attribute
 command-line argument:
* —always-inline/disable-inlining, etc.

2. At 03, it is enabled by default and is used only once early in the pipeline. This
will ensures more opportunities are produced for latter passes in the pipeline.

3. At Link-time-optimization, inlining can also be used to provide “intermodular
optimizations”. This aspect is outside the scope of MLGOPerf,
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Inlining in LLVM

Inlining is done both at IR and at Linking time:

1. IR (Intra-procedural Inlining):
o Build call-graph for the whole module
o Iterate call graph bottom-up

For each call-site:
» Simulate the effect of inlining
» Using some heuristics, estimate the cost of inlining
» Using other heuristics (e.g., how hot is the call-site), estimate the threshold
» if (cost > threshold) ? Inline : Nolnline

2. Linking (Interprocedural Inlining)
o Using LTO — QOutside the scope of this project
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Google’s MLGO

(1]

In April 2020, Google released their first version of MLGO, an ML-

based inliner which was later upstreamed into LLVMI1I,
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| PG | ES |ES() |

Size Reduction 4.95% | 3.74% | 5.94%
Parallelism in Data Collection | 100 488 488
Training Time ~12h | ~60h | ~150h

>Y/N
‘_

Figure 1. MLGO Overview
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Table 2. Policy Gradient v.s. Evolution Strategies
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MLGOPerf Contributions

1. We extended Google’s MLGO to target performance rather than code-size

reduction.

2. MLGOPerf employs two ML models, first of which predicts the function speedup
post-inlining to help generate the rewards needed to train the second for which
makes the decision to whether or not to inline a callsite inside LLVM's function

inlining.

5. We trained the first model, i.e., IR2Perf, by leveraging our autotuner to generate
+300k meaningful inlining configurations using SPEC CPU2006 on aarch64. We do
so by generating 20 handcrafted features we designed and tested.

4. We leveraged IR2Perf to train the second model, our RL agent, for more than a
million iterations in a matter of few days which otherwise wouldn’t be possible
without.
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MLGO Class Hierarchy

Inliner (with new pass

clang -enable-ml-inliner=development -training-log=log -ml-inliner-model-under-training=model

manager) ‘ A
b I
getAdvisor()
~500LOC » ) )
IR2Perf training IR2Perf inferencing
| | ~1400LOC ~300LOC
enum class InliningAdvisorMode : int { Default, Release, Development };
|
A : ]
InlineAdvisor |
~300LOC
DumpFeaturePass
o | S e N ~800LOC
DefaultinlineAdvisor MLInlineAdvisor (used for
(Regular Inlining) both train and referencing)
e v b
getAdvice() getAdviceFromModel() )
~80LOC InlineAdvice ~350L0C B (I ETELE RL training
N tools h
50LOC o ~300LOC 700LOC
.-~ -1 ‘

DefaultinlineAdvice

MLInlineAdvice

DevelopmentModeMLInlineAdvisor

Logger:>print()

~120LOC

MLModelRunner

> getFeature()

setFeature()
~30LOC

TFModelEvaluator
~650LOC

A

~100LOC ~80LOC
----------- Inheritance
LoggingMLInlineAdvice
~100LOC
_—> Use
| .
Python C++ communication TrainingLogger
‘ ‘ ‘ ~120LOC

ReleaseModeModelRunner

~100LOC

NolnferenceModelRunner

~30LOC

ModelUnderTrainingRunner
~160LOC
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Warmstart model
training
~300LOC
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High-level Flow

-
c -
= c
void caller() { o 3
statementl; % §
statement2; e -‘é’
statement3; = a
a <
IR2Perf
fu"CthiO"l()i Supervised Learning Model
callee(); |« T
k| REWARD
—
for(int i=@; i<10; i++)R 2{ R
m |
for(int j=0; j<5; j++) _n %
statement; = =D> 2 -
g 3.
o 5
} L. D,
ct
RL Model
Table 1: MLGOPerf Phases
Phases IR2Perf | RL Model
IR2Perf Training Training -
RL Model Training Inference | Training
MLGOPerf Deployment - Inference
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MLGOPerf Three Phases

(1) (2)

’MLGOPerf::IRZPerﬂ'raining MLGOPerf::RLTraining
Callee()
>
v Feedback/Stats T FTs
Finegrained Tuning
at Inlining Callsites o A A
= . Sub: it f -03
Source.cpp opt -03 pipeline Inliner > C(;I.:-:ct ubsequent passes of 03| _ (L o
A
- [ —
opt -0O3 pipeline . Collect  Subsequent passes of -03 . .
source. Inliner p> = source.o Binary Execution Function Features
|
Function Features RL Trainer
Caller( -
FTS() > Caller() FTsl T Reward
 Data > IR2Perf
Experiment Stats - Tept 9 Model Training
Measurements Model IR2Perf
Inference
Deep Regression
Model

’ MLGOPerf::Deployment
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=| FTs
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Y
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IR2Perf (1/2)

Post-inlining Function Speedup Prediction

Table 2: IR2Perf Model Features

Table 4: IR2Perf Cross Validation Accuracy

No | Static Feature Name

1 | InstructionPerBlock

2 | SuccessorPerBlock

3 | AvgNestedLoopLevel

4 | InstrPerLoop

5 | BlockWithMultipleSuccecorsPerLoop
6 | CallsNo

7 | IsLocal

8 | MaxLoopDepth

9 | MaxDomTreeLevel

10 | CallerHeight

11 | CallUsage

12 | IsRecursive

13 | NumCallsiteInLoop

14 | EntryBlockFreq

15 | MaxCallsiteBlockFreq
16 | NoOflInstructions="Ret’
17 | NoOflInstructions="fmul’
18 | NoOflInstructions="fdiv’
19 | NoOflInstructions="fadd’
20 | NoOfInstructions="fsub’
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Prediction
Table 3: IR2Perf Model Architecture NO. | Benchmark Error
(MSE)
Li;]oer Layer (type) Output Shape ; ig;:if::j - (9);:
1 Linear-FC1 [-1, 1, 128] 3 | 462_libquantum 15.7%
Leaky_Relu-1 [-1, 1, 128] 4 | 464 h264ref 19.1%
5 Linear-FC2 [-1, 1, 256] 5 445_gobmk 17.5%
Leaky_Relu-2 [-1, 1, 256] 6 | 470 _lbm 9.8%
3 Linear-FC3 [-1,1,32] 7 | 458_sjeng 13.5%
Leaky_Relu-3 [-1,1, 32] 8 | 429 mcf 12.2%
4 Linear-FC4 [-1,1,1] 9 | 433 milc 13.9%
10 482_sphinx3 11.2%
Geometric Mean 12.8%
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IR2Perf (2/2)

Post-inlining Function Speedup Prediction
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Reinforcement Learning

RL is a class of Machine Learning which tries to find an optimal policy for a Markov
Decision Process (MDP) that is defined by the tuple of < S,4,T, R > where S is the
state space, A represents action space, R is the reward function that an agent
receives by doing action a from state s tos’, and T is the transition probability at
timet from states tos’:

To(s,s')=Pr(s;ee1 =s'|se=s,a=a)

1. State S: Current visiting call site

2. Action A: Defines a bool variable whether or not to inlinethe call site

3. Transition T: A deterministic function in our context which updates the call
graph upon taking an action over the current call site and switching to visit the
next call site

4. Reward R: In this work, it is defined as the function execution speedup with
respect to the baseline
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Training RL Agent

Algorithm 1 Training Inliner RL Model using IR2Perf

1: procedure FUNCTIONSPEEDUP > IR2Perf Inference
2 for Function f in Module do

3 FTs « getFunctionFeatures()

4 funcReward « infer(FTs)

5: totalReward < append(funcReward)

6 end for

7 return totalReward

8: end procedure

9:
10: procedure CALLSITEINLINE > RL Model Training
11: initialize policy 7y randomly
12: for iteration i in Trainingdo
13: si «— Sampley (o,1)(TrainingData)
14: Compile and Get IR with policy 7y.4s,
15: R « FunctionSpeedup(Module)
16: Update policy y for using Equation 1
17: end for

18: end procedure
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MLGOPerf Results (1/2)

1.

Results show that on average
MLGOPerf is able to outperform
O3 by 1.8% and 2.2% on SPEC
CPU2006 and Cbench
tested on aarch64.

when

There is a slight increase in the
of the optimized
binaries MLGOPerf generates,
and that is measured as 12%
and 16% against LLVM’s O3 and
MLGO on Cbench and 17.8% and
23.4% for SPEC CPU2006.

code size
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(a) SPEC CPU2006 (w/ ref dataset) Performance Improvement

Benchmark Speedup | Measured | Speedup | Measured Code size Code size
wrt O3 | Variance | wrt MLGO | Variance | Increase wrt O3 | Increase wrt MLGO
401.bzip2 1.052 0.966 1.072 0.594 1.131 1.248
403.gcc 1.022 0.921 1.054 0.004 1.227 1411
429.mcf 1.009 1.021 1.031 1.242 1.047 1.077
445.gobmk 1.030 0.249 1.044 0.135 1.097 1.104
456.hmmer 0.997 0.040 1.020 0.077 1.227 1.273
458.sjeng 1.003 0.354 1.040 0.031 1.318 1.373
462.libquantum 1.040 1.856 1.051 0.029 1.257 1.428
464.h264ref 1.068 0.620 1.088 0.782 1.389 1.312
471.omnetpp 1.004 1.107 0.999 1.091 1.146 1.198
433.milc 1.021 0.566 0.999 0.486 1.297 1.276
444.namd 0.992 0.530 1.015 0.016 1.002 1.018
453.povray 0.997 0.416 1.035 0.022 1.237 1.418
470.1bm 1.020 0.025 1.004 0.005 1.025 1.031
482.sphinx3 0.993 0.676 0.992 0.070 1.167 1.225
Geomean 1.018 0.434% 1.031 0.086% 1.178 1.235 I
]
(b) Cbench Performance Improvement
Benchmark Speedup | Measured | Speedup | Measured Code size Code size
wrt O3 Variance | wrt MLGO | Variance | Increase wrt O3 | Increase wrt MLGO
automotive_bitcount 1.002 0.18% 1.005 0.17% 1.000 1.000
automotive_gsortl 1.000 0.14% 1.003 0.12% 1.000 1.000
automotive_susan_c 1.020 0.32% 1.122 1.02% 1.349 1.567
automotive_susan_e 1.015 0.28% 1.044 1.71% 1.349 1.567
automotive_susan_s 1.002 0.29% 1.008 0.23% 1.349 1.567
bzip2d 1.025 0.70% 1.012 0.70% 1.173 1.239
bzip2e 1.014 0.53% 1.041 0.53% 1.113 1.189
consumer_jpeg_c 1.002 0.41% 1.005 0.37% 1.045 1.200
consumer_jpeg_d 1.041 0.22% 1.335 1.36% 1.037 1.198
consumer_lame 1.006 0.13% 1.007 0.10% 1.181 1.137
consumer_tiff2bw 1.027 0.30% 1.023 0.32% 1.298 1.356
consumer_tiff2rgba 1.051 0.38% 1.110 1.71% 1.294 1.351
consumer_tiffdither 1.006 0.20% 1.014 0.11% 1.190 1.146
consumer_tiffmedian 1.012 0.12% 1.056 0.16% 1.048 1.048
network_dijkstra 1.005 1.20% 0.991 1.30% 1.000 1.000
network_patricia 1.000 0.35% 0.999 0.29% 1.007 1.052
office_stringsearch1 0.996 0.50% 1.000 0.91% 1.000 1.000
security_blowfish_d 1.005 0.75% 1.002 1.73% 1.000 1.000
security_blowfish e 1.059 0.13% 1.029 1.80% 1.412 1.390
security_rijndael_d 1.042 0.64% 1.039 0.21% 1.412 1.390
security_rijndael_e 1.037 0.07% 1.035 0.13% 1.009 1.009
[security sha T13% T63% TT3 U09% T.009 009 )|
|telecom_adpem_c 1.001 0.13% 1.001 0.21% 0.996 099 |
telecom_adpem_d 1.001 0.15% 1.000 0.19% 1.000 1.000
telecom_CRC32 1.065 0.44% 1.066 0.57% 1.000 1.000
Geomean 1.022 0.3% 1.041 0.4% 1.121 1.161

&

HUAWEI




MLGOPerf Results (2/2)

Additionally, MLGOPerf provides
more opportunities for
subsequent optimization passes,
i.e., loop unroll and loop
vectorize, and an autotuning
experiment reveals we can gain
at a faster rate and up to 3.7%
improvement with respect to O3.

03 MLGO MLGOPerf

Cbench Autotuning | Tunable | Autotuning | Tunable | Autotuning Tunable Regions

Speedup Regions Speedup Regions Speedup | Tunable | wrt wrt
Regions | 03 | MLGO

automotive_bitcount 1.027714 20 1.019832 20 1.02781 20 1.000 1.000
automotive_gsortl 1.009412 32 1.008607 32 1.009123 32 1.000 1.000
automotive_susan_c 1.038951 116 1.036704 112 1.037121 1838 1.621 1.679
automotive_susan_e 1.031977 116 1.026087 112 1.033349 188 1.621 1.679
automotive_susan_s 1.001988 116 1.065891 112 1.146078 188 1.621 1.679
bzip2d 1.15753 637 1.100431 580 1.165478 747 1.173 1.288
bzip2e 1.032093 637 1.026258 580 1.033333 747 1.173 1.288
consumer_jpeg_c 1.040332 1049 1.017417 891 1.043764 1204 1.148 1.351
consumer_jpeg_d 1.031342 1074 1.014804 885 1.017778 1148 1.069 1.297
consumer._tiff2bw 1.004812 641 1.018229 619 1.017452 903 1.409 1.459
consumer_tiff2rgba 1.047902 633 1.122697 611 1.123338 907 1.433 1.484
consumer_tiffdither 1.012297 640 1.004719 614 1.007853 902 1.409 1.469
consumer_tiffmedian 0.973255 741 1.001938 715 0.988845 1069 1.443 1.495
network_dijkstra 1.078947 13 1.087719 13 1.061404 22 1.692 1.692
network_patricia 1.015152 12 1.015152 12 1.008772 12 1.000 1.000
office_rsynth 0.998958 152 1.001032 147 1.018398 153 1.007 1.041
security_blowfish_d 1.001764 18 1.000441 18 0.998679 18 1.000 1.000
security_blowfish_e 1.001314 18 1.002632 18 1.001314 18 1.000 1.000
security_pgp_d 1.019659 955 1.017919 929 1.036332 1317 1.379 1.418
security_pgp_e 1.039591 955 1.038804 929 1.04023 1317 1.379 1.418
security_rijndael d 1.040965 22 1.048175 22 1.04694 25 1.136 1.136
security_rijndael_e 1.018811 22 1.02481 22 1.029064 25 1.136 1.136
security_sha 1.009674 10 1.004434 10 1.101781 13 1.300 1.300
telecom_adpcm_c 1.006329 7 1.004211 7 1.002101 7 1.000 1.000
telecom_adpcm_d 1.039636 7 1.039636 7 1.038986 7 1.000 1.000
telecom_CRC32 1.003663 4 1.001217 4 1.003663 5 1.250 1.250
|_telecom_gsm 1.010018 115 1.009991 112 1.007286 118 1.026 1.054
I_ Geomean 1.025198 — 1.027676 — 1.037887 — 1.218 1.26p
J
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Cbench Example (1/2)

> make clean
rm -f a.out *x.0 x.a *.s *x 1 *x. T
Inlining calls in: sha_update

Inlining (cost=285, threshold=375), Call: call fastcc void @byte_reverse(164* nonnull %arraydecay)
call fastcc void @sha_transform(%struct.SHA_INFO* %sha_1info)

NOT Inlining (cost=625, threshold=625), Call:
Updated inlining SCC: (sha_update)
Inlining calls in: sha_final

Inlining (cost=285, threshold=375), Call: call fastcc void @byte_reverse(164* nonnull %arraydecay)
call fastcc void @sha_transform(%struct.SHA_INFO* %sha_1info)

NOT Inlining (cost=625, threshold=625), Call:
Inlining (cost=-14715, threshold=375), Call:
NOT Inlining (cost=625, threshold=625), Call:
Updated inlining SCC: (sha_final)
Inlining calls in: sha_stream

${clang_mlgoperf}/clang *.c -03 -mllvm -debug-only=inline

-fexperimental-new-pass-manager

call fastcc void @byte_reverse(164* nonnull %arraydecay)

call fastcc void @sha_transform(%struct.SHA_INFO* %sha_1info)

Inlining (cost=-5, threshold=375), Call: call void @sha_init(%struct.SHA INFO* %sha_info)
call void| @sha_update(%struct.SHA_INFO* %sha_1info, 18* nonnull %arraydecay, 132 %donv)

NOT Inlining (cost=420, threshold=250), Call:
NOT Inlining (cost=625, threshold=625), Call:
Updated inlining SCC: (sha_stream)
> flush-cache
Flushing page cache, dentries and inodes...
Done flushing.
Found dataset: 1
Command line: ../../offlce_data/1.txt > ftmp_out
Loop wrap: 321506

real Om8.367s
user Om7.334s
Ssys OmO.946s
=

187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
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call void @sha_final(%struct.SHA_INFO* %sha_info)

numactl --localalloc --physcpubwnd=5 ./__run 1

/* compute the SHA digest of a FILE stream x/
#define BLOCK_SIZE 8192

void sha_stream(SHA_INFO xsha_info, FILE *fin)
{

int i;

BYTE data[BLOCK_SIZE];

sha_init(sha_info);
while ((i = fread(data, 1, BLOCK_SIZE, fin)) > 0) {
Isha_update(sha_info, data, i);l

}
I sha_final(sha_info); I

}
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Cbench Example (2/2)

> make clean ${clang_mlgoperf}/clang *.c -03 -mllvm -debug-only=inline [-fexperimental-new-pass-manager -mllvm -enable-ml-1inliner=release |-lm
rm _-f a out *x o % a *x e *x 1 % T

Inlining calls 1in: sha_update

Updated inlining SCC: (sha_update)

Inlining calls 1in: sha_final

Inlining calls in: sha_stream

> flush-cache numactl --Tocalalloc --physcpubind=5 ./__run 1

Flushing page cache, dentries and inodes...

Done flushing.

Found dataset: 1

Command line: ../../office_data/1.txt > ftmp_out
Loop wrap: 321506

real Om7.198s
user Om6. 148s
sys OmO.985s

« In this test case, MLGOPerf provides around 16%b speedup wrt O3
(on an X86 machine).

« Exhaustive autotuning reveals that the optimal solution was not to
inline the final callsite, call void @sha_final.
« 7% missed additional performance gain wrt optimal solution
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Challenges

1. Function vs. Global Speedup

o They don’tnecessarily agree with each other
2. Multi-objective Optimization
o Code-size vs. performance
Compiler Optimization Space
o NP-hard problem

b

>

Compiler Performance Prediction

o Noisy measurements

5. Software Characterization

o Static vs dynamic

o handcrafted vs automatic generated embedding
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Thank You!

EMBEDDED
SYSTEMS
WEEK

o  The full-length versionis at arXivlll,
e The shortversionis to be appeared in ACM/IEEE CASES 2022.

e Any questions, feel free to contact me at:

[1] Ashouri, Amir H., et al. "MLGOPerf: An ML Guided Inliner to Optimize Performance."
arXiv preprint arXiv:2207.08389 (2022).
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