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Abstract. The technical route of machine learning compiler generally refers to
the application of automatic or semi-automatic code generation in the opti-
mization process instead of hand-optimization. This paper presents a deep
learning compiler (DLCS) for target vector processor based on LLVM frame-
work, which lowers deep learning (DL) models to an intermediate representation
(IR) of two levels. The high-level IR realizes target-independent optimizations
including kernel fusion, data replacement and data simplification, while the low-
level IR allows the compiler to perform target-dependent optimizations, such as
Eight-Slots VLIW and special intrinsic function. The proposed compiler cus-
tomizes the architecture description of target vector processor to achieve a high-
quality automatic code generation. We evaluate the performance comparison
between DLCS and hand-optimization when deploying ResNet-18 model and
MobileNet model to the target vector processor. Experimental results show that
DLCS offers Multi-slot parallel performance for target vector processor and
achieves speedups ranging from 1.5� to 3.0� over existing frameworks backed
by hand-optimized libraries.

Keywords: Deep learning compiler � Target optimization � Code generation �
Vector processor

1 Introduction

Artificial Intelligence (AI) [1] is undoubtedly a hot topic at present, most of which
focus on algorithm. However, engineering is crucial when we put AI into practical
application.

A DL algorithm needs to go through two steps from theoretical model to practical
application: training [2] and inference [3]. Training refers to the process of guiding DL
models through the algorithm to train the data and making it available. At present,
training technology has been quite sophisticated, where current mainstream DL
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frameworks include TensorFlow [4, 5], PyTorch [6], MXNet [7], Caffe [8], etc.
Inference is the process of compiling and deploying DL models to a target hardware.
As shown in Fig. 1, inference framework or DL compiler [9] works as a bridge to
connect top frameworks and target hardware, which convert the flow graph of DL

models into a graph IR [10] and performs optimization operations, such as cycle
scheduling [11] and operator fusion [12], and generates machine codes of each target
device as required.

On the one hand, the market situation of DL compiler is diverse but not uniform.
DL models are usually deployed to a variety of target devices including embedded
CPUs, GPUs, DSPs, FPGAs, and ASICs. It is difficult to maintain an efficient inference
performance in all target devices. Major hardware vendors have launched their own
inference framework, such as Intel OpenVINO [13], ARM NN [14], NV TensorRT
[15], but the major equipment manufacturers do not have a framework of generality.
For example, the operator functions generated by various DL frameworks are not fully
supported, especially the TensorFlow operators, where a DL model can run in one
target device but not another.

On the other hand, most DL algorithms are computationally and memory-intensive,
which require tens of megabytes of parameter storage and hundreds of millions of
operations. It is difficult to compile and deploy DL models to embedded or battery-
limited systems such as smartphones and smart glasses. However, DSP has strong
computing power, which is more suitable for processing computation-intensive tasks
comparing with other embedded processors. Target vector processor [16, 17] is an
embedded high performance digital signal processor, which not only has the special
convolution instruction based on large-scale matrix multiplication, but also realizes the
eight-slots parallel technology of Vary Long Instruction Word (VLIW) [18] and the
2560 bits operations of Single Instruction and Multiple Data (SIMD) [19].

Fig. 1. Inference framework
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This paper presented the design of DLCS, a deep learning compiler for the inde-
pendently designed target vector processor, which perform target optimizations through
lowering DL models into a high-level IR and a low-level IR. DLCS takes advantage of
model pruning to get lightweight model and customize the architecture description of
target vector processor to achieve a high-quality automatic code generation.

2 Relate Works

TVM [9, 20] is an automated end-to-end optimizing compiler for deep learning that
exposes both graphic-level and operation-level optimizations to provide performance
portability to deep learning workloads across different hardware back-ends. TVM
addresses optimization challenges for deep learning, such as advanced operator fusion,
mapping to arbitrary hardware primitives, and memory latency hiding [21]. TVM
automates low-level program optimization into hardware features by using a new,
learning-based cost modeling approach to rapidly explore code optimization. TVM
serves primarily as a bridge between the top framework and the target device. A trained
model can generate optimized operators and inference code for different target plat-
forms through TVM, thus realizing the deployment of multiple target platforms for a
single model. The automatically generated operators can be further optimized by hand.
In addition, one of the attractions of TVM is that its automatically generated code is
comparable to those of hand-optimized acceleration libraries.

Accelerated Linear Algebra (XLA) [22] is a compiler that optimizes the compu-
tation of TensorFlow. The input language for XLA is called High Level Optimizer
(HLO) [23] which is equivalent to the compiler’s IR. The layering criteria for TVM IR
are computational graphs and operators, while the layering criteria for HLO IR is
device independent and device dependent. XLA improves server and mobile platform
speed, memory usage, and portability. XLA performs target hardware-independent
optimization and analysis [24], such as the common subexpression elimination
(CSE) [25], process fusion of operators independent of the hardware back-end, and
buffer analysis for memory allocation at run time for computation. XLA performs
target hardware-dependent optimization and analysis, which will be targeted at the
specific information and requirements of the hardware target, such as operator fusion
on the XLA GPU back-end, and determining how to divide the calculation into
streams. In addition, the backend can pattern match certain operators or combinations
of them to the optimized library call. Finally, XLA does code generation for specific
target hardware. The CPU, including the GPU used by XLA, uses LLVM [26] to
generate low-level IR, optimization, and code generation. The hardware back-end emits
the LLVM IR [27] required to represent the XLA HLO calculation in an efficient
manner, and then calls LLVM to emit native code from the LLVM IR. The GPU back-
end currently supports NVIDIA GPU through the LLVM NVPTX back-end, while the
CPU back-end supports multiple CPU instruction set architecture (ISA).
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Graph lowering compiler (Glow) [28] is a heterogeneous hardware-oriented
machine learning compiler. It provides a practical compilation method that generates
highly optimized code for multiple targets. Glow reduces the traditional neural network
data flow diagram to an intermediate representation of a two-phase strongly-type [29].
The advanced intermediate representation allows the optimizer to perform domain-
specific optimizations. Lower level instructions-based addressing only intermediate
representations allow the optimizer to perform memory-related optimizations such as
instruction scheduling [30], static memory allocation [31], and copy elimination [32].
The intermediate representation at the lowest level allows the optimizer to perform
machine-specific code generation to take advantage of specialized hardware features.
Glow features a lowering phase in which the compiler can support a large number of
input operators and a large number of hardware targets by eliminating the need to
implement all operators on all targets. The purpose of the lowering phase is to reduce
the input space and allow the new hardware back end to focus on a small number of
linear algebra primitives.

Deep Learning Virtual Machine (DLVM) [33] is a compiler infrastructure designed
for modern deep learning systems. DLVM applies a multi-stage compiler optimization
strategy to high-level linear algebra and low-level parallelism, performs domain-
specific transformations, reduces the overhead of front-end languages, and acts as a
host for the research and development of neural network domain-specific languages
(DSLs). DLVM IR is the core language of the system, which uses static single
assignment (SSA) forms, control flow diagrams, advanced types (including first-order
tensor types), and a set of linear algebraic operators combined with a generic
instruction set. The system supports a variety of domain-specific analyses and trans-
formations, such as inverse pattern algorithmic differentiation [34], algorithmic dif-
ferential checkpoints, algebraic simplification [35], and linear algebraic fusion. The
complete DLVM software stack, including sample front-end neural network DSLs, and
DLVM Core contains essential components for an optimizing compiler: intermediate
representation and passes.

3 DLCS Core

As shown in Fig. 2, DLCS IR adopts a two-layer optimized structure, including high
level IR and low level IR. Low level IR refers to the LLVM IR, which is mainly used
for memory-related optimization such as instruction scheduling, static memory allo-
cation, and copy elimination. High level IR refers to Graph IR, which is mainly used
for the optimization of computational graphs, such as kernel fusion, data displacement
compilation optimization, data layout transformation.
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3.1 Target Optimization

Target Hardware-Independent Optimization

Data Simplification and Data Layout Transformation. Data simplification mainly
includes node pruning and constant folding. Node pruning refers to the removal of
identity nodes related to the training phase in the deployment phase, which simplify the
computational graph and saving the operation cost. Constant folding optimization is to
replace the nodes in the computational graph whose output values can be determined
with constants in advance. On the one hand, the output of shape, rank and size in the
computational graph is only related to the shape of the output tensor, which has nothing
to do with the specific data input and can be calculated in advance. On the other hand,
the output of a node whose input is all constant can also be calculated in advance.

Fig. 2. DLCS framework
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The data layout transformation optimization mainly refers to the storage mode of
transforming tensors to adapt to the target hardware architecture. The target hardware
of DLCS is the target vector processor, and the optimal storage format is NCHW [23],
where N represents the number of images in a batch, H represents the number of pixels
in the direction of vertical height, W represents the number of pixels in the direction of
horizontal width, and C represents the number of channels, as shown in the Fig. 3. The
data layout optimization done by DLCS is to convert various data layout (NHWC [23]
and CHWN [23]) to NCHW storage format. The data layout order of NCHW is [W-H-
C-N], where the first element is 000 and the second element is along the W direction
from 001 to 003. The second direction is along the H direction from 004 to 019. Next
direction is along the C direction from 020 to 319. The last direction is along the N
direction from 320 to 639.

Kernel Fusion. Kernel fusion, also known as operator fusion, is to fuse multiple
operators in the computational graph into a single kernel. For example, (1) and (2) can
be fused into (3), therefor, the entire data flow diagram can be completed with only one
kernel. Moreover, by properly designing the placement of input and output data of
different kernel functions, such as using shared memory or registers on GPU, the data
transmission efficiency and the overall computing performance can be greatly
improved. General operations can be divided into three types: one-to-one mapping,
complex fusion and infusion. Multiple injective operators can be merged into another
injective operator. We can fuse element-level operators into the output of operators
which are complex and fusible, like conv2d operator.

Z ¼ op1 X; Yð Þ ð1Þ

T ¼ op2 Zð Þ ð2Þ

Fig. 3. Data layout: NCHW, NHWC, CHWN
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T ¼ op2 ðop1 ðX; YÞÞ ¼ op3 X; Yð Þ ð3Þ

Data Replacement. The deployable objects generated by DLCS mainly include
parameters and computational graphs, which are serialized by binary to a final output
file. As shown in Fig. 4, it’s common to simply put the data into an unsigned char array
and compile the corresponding file. However, if a large amount of model data is
trained, the deployment and compilation phase will take a lot of time. The optimization
proposed in this section is to replace the serialized data by placing the flag information
in the unsigned char array. This flag information is found in the resulting file and
replaced with the original binary serialized data. Finally, we can directly deploy the
resulting file to the target vector processor to achieve the deployment of DL models.

Target Hardware-dependent Optimization
Eight-slots VLIW. Eight-slots VLIW mainly includes VLIW detection and VLIW
coding. VLIW detection refers to the determination of which instructions can form a
VLIW package. The judgment of detection is based on whether the empty slots can be
allocated and whether the instructions have a dependency with each other. VLIW
encoding refers to assigning a value to the slot encoding bit of an instruction in the
same VLIW package.

Fig. 4. Data replacement
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We use Deterministic Finite Automaton (DFA) to describe the first detection
condition. Given an input instruction sequence in a two-slot state transition diagram, as
shown in the Fig. 5, the automatic machine performs a state-to-state transition
according to the state transition equation. If an instruction in the input instruction
sequence causes the automaton to stop in an unacceptable state, the automaton rejects
the instruction. The DFA is reset to start a new round of judgment after the previously
accepted instructions forming a VLIW package. As shown in the Table 1, the slot
allocation of each instruction would be judged with the VLIW constraint.

After completing the first condition of the VLIW detection, we enable a separate
compile pass to complete the dependency determination of the detection. The data
dependence that we need to judge mainly includes true dependence and output
dependence, as shown in the Fig. 6. If one of the two detection conditions is not
satisfied, the detection will be exited, and then all the instructions that the previous
detection satisfies will be arranged in the same VLIW package.

The input of VLIW encoding is the VLIW package sequence obtained after VLIW
detection. We iterate over each VLIW package and assign values to the slot encoding
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S1

S4

S2

No slot 
used

Use slot 1

Use slot 0 
& slot 1

Use slot 0

0x1

0x2

0x2

0x1

S30x3 0x1,2,3

0x3

0x3

Fig. 5. DFA state transition diagram of two-slots VLIW

Table 1. Instruction slot constraint of target vector processor

Instruction type Slot 0 Slot 1 Slot 2 Slot 3 Slot 4 Slot 5 Slot 6 Slot 7

Control operations √ √

Scalar operation √ √

Data transfer operations √ √ √ √ √ √

Vector operation √ √

Loading operations √ √

Storage operations √ √
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bits of all instructions inside. The instruction set of target vector processor is 32-bits
encoding mode, where InstBit{31:29} is the slot encoding bits. InstBit{31} indicates
whether the instruction is the last instruction in the VLIW packet, while InstBit{30:29}
means instruction slot allocation, where InstBit{31:29} = {00} means that slot 0,
which has priority, and slot 1 can be allocated to this instruction; InstBit
{31:29} = {01} means that slot 2, which has priority, and slot 3 can be allocated to this
instruction; InstBit{31:29} = {10} means that slot 4, which has priority, and slot 5 can
be allocated to this instruction; InstBit{31:29} = {11} means that slot 6, which has
priority, and slot 7 can be allocated to this instruction. Table 2 is an example of VLIW
encoding where a detected eight-slot VLIW packet contains five instructions of
ABCDE, and their slot encoding bits are 000,001,011,010,111 respectively.

Fig. 6. VLIW detection

Table 2. An example of VLIW encoding

Slot 0 Slot 1 Slot 2 Slot 3 Slot 4 Slot 5 Slot 6 Slot 7 Slot
allocated

Slot encoding
bit

A √ √ Slot 0 000
B √ √ Slot 1 001
C √ √ Slot 3 011
D √ Slot 2 010
E √ √ √ √ Slot 6 111
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Intrinsic Function and SIMD. Intrinsic function is a special source-language-related
function that is not implemented by a call instruction with an offset address, but the
compiler. We need to support the call to intrinsic function in DLCS Lower IR. For
some special instructions of the target vector processor, as shown in the Fig. 7, we can
directly use intrinsic function to map functions from source code to DLCS Lower IR.

As shown in Fig. 8, on the front-end of DLCS, we mainly define three types of
vectors, the properties of the intrinsic function and the corresponding function nodes.
The total bit width of the three vector types is 128 bits, including v4i (i128 = 4xi32),
v8s (i128 = 8xi16) and v16c (i128 = 16xi8). The intrinsic function node mainly
defines the types of parameters and return values.

On the backend of DLCS, we mainly implement the intrinsic function of the
instruction template definition, vector register definition, the mapping and legalization
of intrinsic instruction from front-end to back-end. The instruction template definition
process mainly makes use of the architecture description language (ADL) to describe
the various attributes of the instruction, such as instruction encoding, slot assignment,
operand type, matching pattern, node mapping and assembly string. The detailed code
of how to define the instruction template will be introduced in the code generation
section. Each property declaration of vector register in back-end matches the three
vector types of the front-end.

Fig. 7. The example of the intrinsic function of target vector processor in the C language
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3.2 Code Generation

Code generation for embedded processors mainly includes operation legalization,
instruction selection, instruction scheduling, register allocation, optimization, target
code generation. DLCS is based on the LLVM framework, which has already realized
the generic parts of code generation. Therefor this section mainly explains the code
generation for three special cases that DLCS Lower IR and instruction set of target
vector processor are not compatible.

Architecture Description of Target Vector Processor
Description of Register. Before we discuss operational incompatibilities, we use the
TableGen tool provided by LLVM to realize architecture description of target vector
processor, including the description of instructions and registers. We use the register
base class provided by LLVM to describe register properties. As shown in Table 3, the
register of target vector processor mainly contains 32 scalar registers and 16 vector
registers.

Fig. 8. The files involved in implementing the intrinsic function on front-end and back-end

Table 3. The description of register heap for target vector processor

Tag Register Bit
wide

Counts Lowest limit of
addressing

Highest limit of
addressing

GR General 32 32 000000 011111
VR Vector 160 16 100000 101111
OFF Offset 32 4 110100 110111
BAR Base

address
32 4 111000 111011

MR Modular 32 4 111100 111111
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Figure 9 depicts three parts: the definition of the general register, the allocation of
the general register, and the calling convention for the register. The general register
definition needs to specify information such as the namespace and encoding bit width.
Since each register is an instance of a register class, we instantiate each register. We use
multiple inheritance to inherit the base class of the scalar register or vector register to
generate the definition register. We define registers (V0, V1, A0–A7, VR0–VR15) and
classify them into general register class, vector register class and special register class.
In the calling convention of register, we stipulate i32 as scalar standard type, and
extend i8 and i16 types to i32 for unified processing. We specify that i32 are stored in
the general register class, while v4i, v8s, and v16c are stored in the vector register class
(VR0–VR15). We specify that the alignment of the function call stack is 4 bytes (i32)
and 16 bytes (v4i, v8s and v16c).

Description of Instructions. We extend the instruction template based on the instruc-
tion base class template provided by LLVM. According to the complexity of the
instruction set of SWFIT DSP, the instruction template can be divided into four levels
of the instruction template, as shown in Fig. 10, where the definition of each level of
the instruction template is inherited from the previous level of the template. The level 1
instruction base class template mainly declares parameters common to all instructions
and some flag bit settings related to the target hardware. The second level instruction
base class template is divided into four common types: single register class, double
registers class, three registers class and special registers class. The third level
instruction base class template is divided according to the instruction operation code bit
width. The level 4 instruction base class template gives a template for one-to-one
relationships with each instruction, as shown in Fig. 10.

Fig. 9. The description of registers with LLVM ADL
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Figure 11 shows the template inheritance diagram of the “VMAX40” instruction,
and the corresponding detailed description code is shown in Fig. 12. The level 3
instruction base class template defines the instruction encoding format, assembly
strings, matching patterns, and other parameters. We need to define an additional DAG
node corresponding to the instruction in the process of defining the instruction. A DAG
node represents an instruction. The realization of DAG node and instruction mapping is
determined by matching pattern. One of the important steps in target code generation is
the mapping of DAG nodes to assembly instructions for the target hardware.

Fig. 10. Inheritance diagram of instruction class

Fig. 11. Inheritance diagram for instruction “VMAX40”
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Incompatible Instruction. As shown in Table 4, the first incompatibility is that
DLCS Lower IR supports operation X but target vector processor does not. We gen-
erally divide X into several combinations of operations supported by target vector
processor, such as (4) where target vector processor supports operations of Y, X1 and
X2. The second incompatibility is that DLCS Lower IR does not support operation X
but target vector processor does. We solved this problem by intrinsic functions in target
hardware-dependent optimization. The third incompatibility refers to the case where the
bit width of the same operation X, supported by DLCS Lower IR and target vector
processor, is different, which is called operation legalization problem. DLCS uses a
compile pass to legalize operations. On the basis of DLCS Lower IR and target vector
processor instruction set, we analyze which instruction is illegal operation, and then
describe the legalization process through a set of interfaces as (5).

X ¼ Y X1; X2ð Þ ð4Þ

SetOperationAction Operation; Type; LegalizaActionð Þ ð5Þ

“Operation” is an instruction of DLCS Lower IR, and “Type” is the operand Type
of the instruction, and “LegalizeAction” is the processing when legalizing the
instruction. Corresponding to the previous situation that the instruction bit width does
not match, we designed three handling methods: “Promote” represents this operation
should be put in a larger type; “Expand” is to try to expand this to other operations,
otherwise use a libcall; “Custom” is to use legitimate functions to implement custom
lowering.

Fig. 12. Description definition code for instruction “VMAX40”
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4 Evaluation

We compare the effects of various target optimization operations proposed in this paper
and hand-optimization operations on the compilation speed of the DL model, and we
take the performance value of hand-optimization as the benchmark. As shown in
Fig. 13, the compiled object of the comparison experiment are conventional convo-
lution and pooling with input size (16, 28, 28) and convolution kernel (32, 16, 3, 3),
and deep convolution with input size (128, 14, 14) and convolution kernel (256, 128, 3,
3). Experimental results show that all target optimization operations can improve the
performance of execution speed, in which SIMD optimization brings the smallest
acceleration ratio about 1.1�. Data simplification and data layout transformation can
lead to significant improvements in execution speeds up to 2.7�.

Finally, we evaluate the whole compilation system, including target optimization
and code generation. ResNet-18 and MobileNet are used as DL models in the com-
parison experiment in R1–R5 phase and M1–M5 phase. The performance index is the
relative speedup of the two models on the target vector processor. Figure 14 shows a

Table 4. Incompatibility cases related to operation X

Case 1 Case 2 Case 3

DLCS Lower IR Support No Support
Instruction set of Target Vector Processor No Support Support
The bit width of the instruction Different

0
1
2
3
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Fig. 13. Performance comparison between hand-optimization and target optimizations
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comparison of the performance of the two models deployed on the target vector pro-
cessor with DLCS and hand-optimization. Experimental results show that DLCS offers
Multi-slot parallel performance for target vector processor and achieves speedups
ranging from 1.5� in R5 phase to 3.0� in M4 phase over existing frameworks backed
by hand-optimized libraries, where the compilation performance improvement of
DLCS is generally over 2.0� during most phases of the two DL model compilation.

5 Conclusion

This paper presented the design of a DL compiler (DLCS) for the independently
designed target vector processor. DLCS lowers the deep learning model to an inter-
mediate representation of two levels and realizes the target hardware-independent
optimization and target hardware-dependent optimization, so that the performance of
the model finally deployed on the target vector processor is far superior to that of hand-
optimization. We hope that this work will encourage more research on DL compilation
methods for self-developed embedded chips and open-up new opportunities for self-
developed embedded system hardware/software co-design technologies.
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part by the National Natural Science Foundation of China under Grant Nos. 61831018 and
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Fig. 14. Performance comparison between DLCS and hand-optimization
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