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Function Inlining Optimization

l Pros:
p Reduces overhead due to entering and exiting functions.

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

p Opens opportunities to subsequent optimizations
n e.g., Constant propagation, hoisting out part of the function in LICM, expand the 

scope of register allocation

l Cons:
p Increases code size
p Larger code size reduces the temporal locality 

n Thus, decreases the performance of the instruction cache
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Factors to Consider When Inlining
l Callee Size:

p Usually it is better to inline smaller functions and leave the larger ones as calls. 

l Hotness of Call-Site:
p 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
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Inline optimization

Calls
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After Inline
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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	O3,	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):

p Build call-graph for the whole module
p Iterate call graph bottom-up

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

2. Linking (Interprocedural Inlining)
p Using LTO – Outside the scope of this project



HUAWEI TECHNOLOGIES CO., LTD. 7

Google’s MLGO

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

based inliner which was later upstreamed into LLVM[1].

[1]	https://reviews.llvm.org/D77752?id=256104#inline-710816
Trofin,	Mircea,	et	al.	 "Mlgo:	a	machine	 learning	guided	compiler	optimizations	framework."	arXiv preprint	arXiv:2101.04808	(2021).
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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. 

3. 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

MLGOPerf
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High-level Flow
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MLGOPerf Three Phases
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IR2Perf (1/2)
Post-inlining Function Speedup Prediction
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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,𝐴,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 to s’, and 𝑇 is the transition probability at 

time t from state s to s’:

𝑇𝑎 (𝑠, 𝑠 ′) = 𝑃𝑟 (𝑠𝑡+1 = 𝑠 ′ | 𝑠𝑡 = 𝑠, 𝑎𝑡 = 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



HUAWEI TECHNOLOGIES CO., LTD. 15

Training RL Agent
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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 when
tested on aarch64.

2. There is a slight increase in the
code size 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.
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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.
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Cbench Example (1/2)
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• In this test case, MLGOPerf provides around 16% 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

Cbench Example (2/2)
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Challenges

1. Function vs. Global Speedup
p They don’t necessarily agree with each other

2. Multi-objective Optimization
p Code-size vs. performance

3. Compiler Optimization Space
p NP-hard problem

4. Compiler Performance Prediction
p Noisy measurements

5. Software Characterization
p Static vs dynamic

p handcrafted vs automatic generated embedding
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Thank You!

l The full-length version is at arXiv[1].

l The short version is to be appeared in ACM/IEEE CASES 2022. 

l Any questions, feel free to contact me at: amirh.ashouri@huawei.com

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


