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Abstract. This paper proposes an AI compiler architecture, which can compile
the trained model and deploy it on DSP chip. The biggest difficulty in deploying
the reasoning model on DSP is the multiplication between tensors. Tensor mul-
tiplication is the main operation and the most time-consuming operation in the
process of model reasoning. Therefore, the operation efficiency of tensor mul-
tiplication directly restricts the performance of reasoning. However, there is no
matrix computing unit in DSP chip, instead of vector computing unit. We define
a new dialect in MLIR(Multi-Level Intermediate Representation) to efficiently
compile AI models, especially GEMM and conv operations. The dialect is based
on the basic features of mhlo, so this new dialect can make full use of the exist-
ing optimized pass of mhlo. Moreover, we have added some functions to support
architecture related optimization, mainly the lower algorithm of operation, such
as GEMM and conv. we finally map dialect to LLVM dialect and convert it into
LLVM IR(immediate representation). The advantage of converting to LLVM IR
is that more detailed instruction scheduling can be carried out at the backend of
the compiler. We compare the efficiency of a speech model in the code generated
by the traditional compiler clang and the code generated by our compiler. The
experimental results show that this conversion method has greatly improved the
efficiency.
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1 Introduction

AIdevelopment toolswere designed for the data center infrastructure behind applications
like internet queries, voice search, and online facial recognition. But as AI technology
advances, so does the desire to leverage it in all sorts of use cases – including those
that run on small, resource-constrained, MCU-based platforms at the edge. So instead of
focusing solely onhigh-endhardware accelerators running cloud-based recommendation
systems, for example, tools like compilers must also be able to optimize AI data and
algorithms for smaller footprint devices.

High performance digital signal processor (DSP) is a high-performance processor
composed of VLSI chips for signal processing. It is mainly used to realize various
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digital signal processing algorithms in real time and quickly, especially various audio
and video processing algorithms. DSP generally has a multi-bus structure, the data
storage space is separated from the program space, and has an independent data bus
and address bus. It can fetch instructions and read data at the same time. DSP has an
efficient hardware multiplier, which can complete the multiplication instructions in a
short period, and speed up the multiplication operations such as FFT, matrix operation,
convolution, digital filtering and so on. Therefore, DSP chip is very suitable for the
reasoning of audio processing model. DSP chips are widely used in all kinds of smart
phones. In addition, the scene of smart home needs frequent voice interaction with users.
With the help of the trained effective AI model and the powerful computing power of
DSP, speech recognition can be carried out more accurately and timely.

Matrix multiplication calculation is the core of many architectures based on trans-
former (such as BERT). It is the key factor restricting the speed of model training and
reasoning. The operation efficiency of matrix multiplication can be used as an important
index to measure the compilation efficiency. However, compared with some hardware
designed forAI operation,DSP lacksmatrix operation unit. Comparedwith other embed-
ded processors, DSP has vector operation unit, that is, SIMD instruction. The training
of the algorithm and the implementation of the reasoning algorithm are the two most
important parts, which also need the most computing resources. Compared with train-
ing, the hardware resources required for model reasoning are much smaller. In addition,
the tensor dimension used by models such as speech recognition is small. These factors
improve the feasibility of deploying the model reasoning process on DSP chip.

At present, various high-level IR optimizations focus on optimizing the combination
form of the kernel, rather than the code generation of a single kernel. And most of the
implementation of kernel is still based on handwritten assembly library. This method
canmake great use of the ability of hardware, but it also loses the opportunity to generate
better code to a certain extent, because the compiler is difficult to optimize deeply from
a global perspective.

MLIR is a general-purpose IR that also supports hardware specific operations. Many
hardware targets can use this infrastructure and will benefit from it. MLIR is more
suitable for high-level compilation optimization, but not for generating final machine
code. Moreover, LLVM IR does not provide good support for matrix data types and
GEMM, which is consistent with the SIMD operation characteristics of DSP [1–3].

Therefore, this paper proposes a method to convert the kernel in AI model into DSP
supported operations through the MLIR framework. This process converts the matrix
multiplication operation lower into the LLVM IR representation, and generates machine
code with the help of the mature compiler back-end LLC. The front end is mainly
responsible for converting the trained model into DSP dialect, and doing some operator
level optimization on the intermediate code of DSP dialect, and generating LLVM IR
code with the help of the infrastructure of MLIR. Finally, the LLVM IR is handed
over to the LLVM backend for more architecture related instruction level optimization,
and finally binary machine code is generated. Compared with traditional methods, the
proposed method can convert operators into corresponding machine opcode at the IR
level, and make use of various optimization passes provided by the LLVM backend.
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2 Relate Work

MLIR is a basic compilation framework, which is mainly used in AI compilation. MLIR
is committed to building reusable, scalable and powerful compilers, and can be com-
bined with LLVM to take advantage of the existing back-end compilation framework
[4, 5]. Thanks to its hybrid IR structure, MLIR can support a variety of different needs
under the condition of providing a unified infrastructure. MLIR can represent data flow
graph, including dynamic shape, user extensible OP ecosystem, tensorflow variable, etc.
In addition,MLIR can optimize loops in high-performance computing across cores, such
as fusion, loop switching, tiling and so on. MLIR can also convert the memory layout of
data to suit different hardware architectures. MLIR can complete the “reduced” conver-
sion of code generation, such as DMA insertion, explicit cache management, memory
tiling, and vectorization of one-dimensional and two-dimensional register architecture.
MLIR can decompose some patterns into more fine-grained combinations of small local
patterns through pass, and supports rewriting specific patterns at the granularity of a
single operation [17, 23].

TVM /NNVMmainly hopes to reduce the gap between the deep learning framework
and the underlying hardware[6]. However, on different hardware, there are inevitable
differences in various hardware resources, such as memory, L1 / L2 cache, bandwidth,
etc. Therefore, TVM / NNVM adopts the philosophy of separating calculation from
schedule. All hardware platforms share the compute attribute to ensure the consistency
of the final results; Different hardware platforms enjoy the schedule attribute exclusively
according to their own characteristics to ensure the efficiency of their execution [24–27].
TVM is mainly responsible for how to compile the operators in the calculation diagram
into code that can be executed efficiently on different hardware. This can be abstracted
into an optimization problem.Therefore, in this process, TVMwill also use themethod of
deep learning to optimize different hardware platforms, which is called autotvm. Using
automation methods such as deep learning to optimize different hardware platforms can
be well applicable to the diversity of end-to-end devices in the future [10–12].

XLA (accelerated linear algebra) is a compiler for tensorflow launched by Google in
2017. XLA uses JIT compilation technology to analyze tensorflow diagrams created by
users at runtime, converts tensorflow OP into HLO (high level optimizer) intermediate
representation [7], and completes various graph optimization including OP fusion on
the HLO layer. Finally, it completes the automatic generation of CPU / GPU and other
machine codes based on LLVM.XLA adopts a relatively simple technical path [8, 9, 17].
For computationally intensive operators with high requirements for automatic CodeGen,
such as matmul / convolution, like tensorflow, they will directly call libraries such as
cuBLAS/cuDNN; For other memory access intensive operators, XLAwill conduct fully
automatic OP fusion and underlying code generation (CodeGen) [23–27]. In addition
to the compilation body, XLA also includes a set of static execution engines. This stat-
ically is reflected in the static fixed shape compilation (that is, a complete compilation
is carried out for each set of input shapes at run time and the compilation results are
retained), the static operator scheduling sequence, and the static display memory / mem-
ory optimization. It is expected that better performance / storage optimization results
can be obtained compared with tensorflow for the dynamic interpretation and execution
of the calculation graph [13–15].
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LLVM began a research project at the University of Illinois. Its goal is to provide a
modern SSA based compilation strategy that can support static and dynamic compilation
of any programming language [1–3]. LLVMhas developed into a comprehensive project
composed of many sub-projects, many of which are widely used in the production of
various commercial and open source projects, as well as academic research. The LLVM
core library provides amodern optimizer independent of source code and target, and pro-
vides code generation support for many popular CPUs (and some less common CPUs).
These libraries are built around an intermediate code representation called LLVM IR.
Clang is the compiler front end provided by LLVM, which can provide fast compilation
and accurate error and warning information. LLC is responsible for IR parsing, instruc-
tion selection, optimization, register allocation, assembly code generation, machine code
generation and other functions. LLVM intermediate code is an IR (immediate represen-
tation) in the form of SSA. The instruction set used is LLVM virtual instruction set. The
instruction set is a three address instruction set similar to RISC (reduced instruction set
computer). It contains simple control instructions and memory access instructions with
type pointers. It has syntax independent of high-level language and target processor, and
is easy to conduct code analysis and optimization. LLVM intermediate code instruction
set has rich types of instructions, including scalar instructions such as bit and bit by bit
instructions and vector instructions such as extraction element, insertion element and
shift [28–31].

3 Implement

3.1 Compiler Structure

As shown in Fig. 1 Compiler framework, the compiler is mainly divided into two parts.
The front end supports the input of variousmodels, such as tensorflowandpytorch.MLIR
provides a basic framework for converting these models into corresponding dialects.
XLA can convert tensorflow graphs into HLO dialects, which is a dialect supported
by MLIR. Then, using the basic framework of MLIR, the compiler can convert HLO
dialect to dialect designed for DSP architecture [18–20], and finally convert it to LLVM
IR. The compiler will perform some high-level operator optimization in theMLIR phase,
including data format conversion, dead code elimination, Op fusion and other operations.
We call the infrastructure provided byMLIR to complete these optimization. In addition,
we can also do some architecture related optimization at the front end, which is also the
focus of this article, the lower optimization of tensor multiplication.

LLC is a reusable compiler back-end, which does not distinguish the front-end
language framework, so we can use LLC to complete the process from LLVM to
machine code. LLC takes LLVM IR as input, and finally generatesmachine code through
instruction selection, register allocation and other processes.

The SIMD instruction of DSP provides powerful vector operation capability
[16].First, we define the corresponding instruction at the backend and provide the form
of intrinsics function to call the intrinsics function in LLVM IR. Assume that the vector
width supported by DSP is 2048bit (Fig. 2).

In order to realize architecture related optimization in theMLIR phase, it is necessary
to call DSP supported instructions in the MLIR. Therefore, we need to expose some
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Fig. 1. Compiler framework.

instructions in the DSP to the front end of the MLIR in the form of intrinsic instructions.
And rewrite the conversion pattern in the process of dialect conversion to complete the
conversion from matrix multiplication to vector multiplication. For other operations,
we convert them to affine and other dialects, which are the infrastructure provided by
MLIR, and for which MLIR defines the relevant patterns converted to LLVM. Through
the delivery optimized infrastructure provided by MLIR, all the code is finally lowered
to the LLVM IR phase (Fig. 3).
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Fig. 2. Intrinsic function.

Fig. 3. Mlir intrinsic op.

3.2 Tensor Multiply

Tensor multiplication in AI model is mainly divided into two types: the first is full
connection and dot. The two inputs of this tensor multiplication are feature and weight.
Feature is the feature extracted from the input data, which can only be determined at
runtime. Weight is the value that is continuously updated by iteration through the back-
propagation algorithm during the model training process. Therefore, the weight data is
represented as static data in the model reasoning process, that is, the data that can be
determined in the model compilation process, which is similar to the literal constant in
the C language program. Therefore, we can optimize the layout of weight data during
compilation, and convert it to a data format more suitable for SIMD instructions, so as
to speed up the operation.

The arrangement of data has a great impact on matrix multiplication. At present,
in order to adapt to the tensor core or matrix operation unit, most feature matrices are
arranged in rows, while weight is transposed, which is arranged in columns. This format
is very suitable for chipswithmatrix computing units, and has the advantage of sequential
access to memory. However, for deploying voice model on DSP, storing weight matrix
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by line can generate better code. Therefore, in order to make full use of the operation
characteristics of DSP, we can transpose the weight matrix arranged in columns. We
can insert a transfer node into DSP dialect to represent the transpose of weight matrix.
However, the DSP chip does not provide matrix transpose instructions, or load and store
instructions accessed according to stripe. One method is to insert transpose instructions
during compilation, but the load and store instructions are expensive, and additional
memory is required to implement matrix transpose, which puts great pressure on the
memory of DSP chip. However, the weight data is obtained in the training process and
remains unchanged in the reasoning process, so we can transpose it in the compilation
stage.

The second is that the two tensors that perform operations are dynamic, and the data
is determined at runtime. This kind of tensor is obtained through pre-node operation.
Because the pre-running and post-running environment cannot be determined for this
kind of data, its data format cannot be changed in the compiler. Fortunately, current
compiler frameworks are arranged in rows for dynamic tensors. Therefore, we propose
an algorithm to realize matrix multiplication by exchanging matrix operation sequence.
This algorithm does not need additional memory overhead, and is better than transpose
algorithm in time complexity.

In the traditional algorithm, one value of an objective matrix is obtained each time.
For example, for the evaluation of multiplication, C = AB, we can get the value of
c11 by c11 = a11b11 + a12b21 + · · · + a1mbm1. the basic idea of our algorithm is to
obtain only one item of all elements in all rows of the objective matrix each time, and
continue to multiply and accumulate. Finally, after m cycles, the elements in one row of
the objective matrix are obtained.

The description of the algorithm is as follows:
Input: matrix A(m*n) and matrix B(n*k), both of which are closely arranged in rows.
Output: product of matrix A and matrix B.

Because the pipeline of DSP chip has been carefully designed and optimized, it is
considered that after the pipeline is started, the average execution cycle of each instruction
is 1 cycle, that is, the next instruction can directly use the calculation result of the previous
instruction without waiting.

So the final time complexity is: 3mnk/64.
Inner circulation diagram:
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a1,1b1,1 a1,1b1,2 a1,1b1,3 a1,1b1,64

a1,1 a1,1 a1,1 a1,1 a1,1

b1,1 b1,2 b1,3 b1,63 b1,64

outer circulation diagram:

The image below is part of the LLVM IR generated by the compiler front end,
corresponding to the innermost loop in the algorithm:

3.3 Kernel Fusion

The basic form of full connection formula in deep learning is that Y = WX + b, we can
see that there is an offset b in the formula. The general operator method is to multiply
first and then add once. In the stage of model reasoning, we can fuse the two operations
through reasonable optimization. Therefore, based on thematrixmultiplication proposed
above, the offset calculation algorithm is integrated as follows.

The description of the algorithm is as follows:
Input: matrix A(m*n) and matrix B(n*k), both of which are closely arranged in rows.
Output: product of matrix A and matrix B.
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Because the pipeline of DSP chip has been carefully designed and optimized, it is
considered that after the pipeline is started, the average execution cycle of each instruction
is 1 cycle, that is, the next instruction can directly use the calculation result of the previous
instruction without waiting.

By operator coincidence, we can optimize the space-time cost of repeated load of
the target matrix, so as to improve the performance.

3.4 Loop Tiling

Tensor multiplication is a typical computation intensive operator, but it still needs to
access a large amount of memory space. In order to speed up matrix operation, we
should reduce the overhead caused by memory access as much as possible. When the
input matrix used for tensor multiplication cannot be placed in the SRAM, and in order
to adapt to the computational bit width of the vector instruction, the data needs to be
divided into tiles so that each tile can be placed in the SRAM.

3.5 Quantization

The training of neural network is a process of continuously fine adjustment of weights,
which usually requires floating-point precision representation and operation, and cannot
be directly replaced by fixed-point numbers. However, in the model prediction stage,
due to the strong robustness of the deep neural network model, it can well deal with a
certain intensity of input noise and eliminate the interference of irrelevant information
in the data. Therefore, if the low-precision operation is regarded as a noise source, the
neural network model should be able to give relatively accurate results. Therefore, we
reduce the precision of the tensor multiplication of fp32 to fp16 for operation, which
greatly improves the operation efficiency while retaining the expected results [32].

4 Evaluation

Based on the manually written assembler library, we compare the performance of a
single operator with that of the whole model by taking the cycles required for the end of
the running of the machine code generated by the compiler as the performance index.
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Take the 1024*1024 tensor multiplication operator as an example. At the single
operator scale, because we have optimized the operator implementation at the operator
level, the code generated by the AI compiler and the handwritten assembly library have
similar performance.

However, in AI model reasoning with more operators, the AI compiler shows better
performance because the AI compiler supports both operator level and instruction level
optimization, and can schedule instructions across operators. Instructions between oper-
ators without dependency can be executed in parallel, further improving performance.
As shown in Fig. 4. Performance comparison between mlir compiler and tradition com-
piler which uses assembler library, in the test of a part of the recommendation model,
the AI compiler achieved 21.27% performance optimization compared with the man-
ually optimized operator library. The Fig. 5 explains why code generation through IR
is more advantageous in the model formed by the combination of multiple operators.
Store operations of different operators and computations of subsequent operators, such
as vfmac, can be executed in parallel.
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Fig. 4. Performance comparison between mlir compiler and tradition compiler which uses
assembler library.
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Fig. 5. Instructions in parallel

5 Conclusion

This paper presents an AI compiler, which can deploy the trained AI model to the
embedded processor DSP. This compiler architecture can optimize the operator level and
instruction level, and further reduce themodel reasoning overhead. This AI compiler can
well lower the important tensor multiplication operation in AI reasoning to the SIMD
processor supported by DSP, so as to support AI reasoning on the embedded processor,
and its performance can be comparable to that of the handwritten assembly operator
library. This work can reduce the overhead of manually designing algorithm libraries
for various AI chips.
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