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Outline of Lectures over the week

• Tuesday: Functional Intermediate Representations 
• Lambda Calculus and the Lambda Cube 
• Implementation Strategies for System F (ADTs across different PLs) 
• Compiler transformations as rewrite rules 

• Wednesday: Imperative Intermediate Representations 
• Data-flow analysis  
• Control-Flow Graphs 
• Foundations of Single Static Assignment (SSA) 
• LLVM IR 

• Thursday: Domain-Specific Intermediate Representations 
• MLIR — a compiler infrastructure for building domain-specific intermediate representations 
• Dataflow graphs — TensorFlow 
• Pattern-based (and functional) — RISE
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MLIR: Multi-Level Intermediate Representation

A compiler infrastructure to define your own intermediate representation 
to have it interact and integrate with other intermediate representations
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What is wrong with existing compilers? — Clang
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Huge abstraction gap 
between C++,… and LLVM IR
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Build specialised data structures 
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High level IRs are not just a good idea for Clang …

1SHIVR�PERKYEKIW�TIVZEWMZIP]�MRZIWX�MR�LMKL�PIZIP�-6W

//90�,5 ���

7[MJX 6,/�,56ZLIW�$67

6YWX 0,5�,55XVW�$67

.YPME -XOLD�,5-XOLD�$67

Ɣ 0ERKYEKI�WTIGMƻG�STXMQM^EXMSRW
Ɣ (EXEƼS[�HVMZIR�X]TI�GLIGOMRK���I�K��HIƻRMXMZI�MRMXMEPM^EXMSR��FSVVS[�GLIGOIV
Ɣ 4VSKVIWWMZI�PS[IVMRK�JVSQ�LMKL�PIZIP�EFWXVEGXMSRW

&ODQJ�$67
'��'����3FN'��

'9(%��3TIR'0����� ��&,5�,5�

*SVXVER ),5�,5)ODQJ�$67
8IRWSV*PS[�MW�FEWMGEPP]�E�LYKI�GSQTMPIV�IGSW]WXIQ

7HQVRU)ORZ�
*UDSK

//90�,5
;/$�+/2

738�,5

7HQVRU)ORZ�/LWH

6HYHUDO�RWKHUV
7HQVRU�57

Q*UDSK

11$3,

0DQ\�RWKHUV

&RUH�0/

8LIWI�FS\IW�EVI�EPP�HMJJIVIRX�HSQEMR�WTIGMƻG�GSQTMPIV�W]WXIQW�
� (MJJIVIRX�PMQMXEXMSRW��GLEPPIRKIW��S[RIVW��IXG
� 2S�YRMJ]MRK�XLISV]�ERH�MRJVEWXVYGXYVI�XS�WYTTSVX�XLMW

*UDSSOHU

5



A brief MLIR Tutorial
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Operations are “opaque functions” to MLIR

A MLIR Dialect defines a 
custom IR and comprises: 

• Operations 
• Types 
• Passes

http://www.cs.utah.edu/~mhall/mlir4hpc/pienaar-MLIR-Tutorial.pdf


Regions allow nested operations
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Example:
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%results:2 = "d.operation"(%arg0, %arg1) ({
  // Regions belong to Ops and can have multiple blocks.
  ^block(%argument: !d.type):
    // Ops have function types (expressing mapping).
    %value = "nested.operation"() ({
      // Ops can contain nested regions.
      "d.op"() : () -> ()
    }) : () -> (!d.other_type)
    "consume.value"(%value) : (!d.other_type) -> ()
  ^other_block:
    "d.terminator"() [^block(%argument : !d.type)] : () -> ()
  })
// Ops can have a list of attributes.
{attribute="value" : !d.type} : () -> (!d.type, !d.other_type)

Region

Block

Block

Region

Figure 3: Operation (Op) is a main entity in MLIR; operations contain a list of regions, regions
contain a list of blocks, blocks contains a list of Ops, enabling recursive structures

A long term goal would be to reproduce the successes of translation validation [35, 29, 50, 51] and
modern approaches to compiler testing [12]. Both are currently open problems in the context of an
extensible compiler ecosystem.

Declarative rewrite patterns Defining representation modifiers should be as simple as that of new
abstractions; a compiler infrastructure is only as good as the transformations it supports. Common
transformations should be implementable as rewrite rules expressed declaratively, in a machine-
analyzable format to reason about properties of the rewrites such as complexity and completion.
Rewriting systems have been studied extensively for their soundness and efficiency, and applied
to numerous compilation problems, from type systems to instruction selection. Since we aim for
unprecedented extensibility and incremental lowering capabilities, this opens numerous avenues
for modeling program transformations as rewrite systems. It also raises interesting questions about
how to represent the rewrite rules and strategies, and how to build machine descriptions capable of
steering rewriting strategies through multiple levels of abstraction. The system needs to address these
questions while preserving extensibility and enforcing a sound, monotonic and reproducible behavior.

Source location tracking and traceability The provenance of an operation—including its original
location and applied transformations—should be easily traceable within the system. This intends
to address the lack-of-transparency problem, common to complex compilation systems, where it is
virtually impossible to understand how the final representation was constructed from the original one.

This is particularly problematic when compiling safety-critical and sensitive applications, where
tracing lowering and optimization steps is an essential component of software certification procedures
[43]. When operating on secure code such as cryptographic protocols or algorithms operating on
privacy-sensitive data, the compiler often faces seemingly redundant or cumbersome computations
that embed a security or privacy property not fully captured by the functional semantics of the
source program: this code may prevent the exposure of side channels or harden the code against
cyber or fault attacks. Optimizations may alter or completely invalidate such protections [56]; this
lack of transparency is known as WYSINWYX [6] in secure compilation. One indirect goal of
accurately propagating high-level information to the lower levels is to help support secure and
traceable compilation.

3 IR Design Details

This section describes the design of the IR in MLIR following the principles from the previous
section.
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Block arguments instead of ɸ nodes
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systems. For example, an attribute may refer to the contents of (known at compile time) data storage
in an ML system.

Location information MLIR provides a compact representation for location information, and
encourages the processing and propagation of this information throughout the system. It can be
used to keep the source program stack trace that produced an Op, to generate debug information. It
standardizes the way to emit diagnostics from the compiler, and is used by a wide range of testing
tools.

Location information is also extensible, allowing a compiler to refer to existing location tracking
systems, high-level AST nodes, LLVM-style file-line-column address, DWARF debugging info or
whatever else is needed for a high quality implementation.

Regions and blocks An instance of an Op may have a list of attached regions. A region provides
the mechanism for nested structure in MLIR: a region contains a list of blocks, and a block contains
a list of operations (which may contain regions). As with attributes, the semantics of a region are
defined by the operation they are attached to, however the blocks inside the region (if more than
one) form a Control Flow Graph (CFG). For example, the affine.for operation in Figure 4 is a
loop with the single-block body attached as a region, located between ({ and }) delimiters. The Op
specifies the flow of control across regions. In this example, the body is executed repeatedly until the
upper bound is reached.

The body of each region is a list of blocks, and each block ends with a terminator operation, that may
have successor blocks to which the control flow may be transferred. Each terminator (e.g. “switch”,
“conditional branch” or “unwind”) defines its own semantics. It may chose to transfer the control
flow to another block in the same region, or return it to the Op enclosing the region. The graph of
successors defines a CFG, allowing standard SSA-based control flow within a region.

Instead of using � nodes, MLIR uses a functional form of SSA [2] where terminators pass values
into block arguments defined by the successor block. Each block has a (potentially empty) list of
typed block arguments, which are regular values and obey SSA. The semantics of terminator Ops
defines what values the arguments of the block will take after the control is transferred. For the first
(entry) block of the region, the values are defined by the semantics of the enclosing Op. For example,
affine.for uses the entry block argument %arg4 as loop induction variable.

Value dominance and visibility Ops can only use values that are in scope, i.e. visible according
to SSA dominance, nesting, and semantic restrictions imposed by enclosing operations. Values are
visible within a CFG if they obey standard SSA dominance relationships, where control is guaranteed
to pass through a definition before reaching a use.

Region-based visibility is defined based on simple nesting of regions: if the operand to an Op is
outside the current region, then it must be defined lexically above and outside the region of the use.
This is what allows Ops within an affine.for operation to use values defined in outer scopes.

MLIR also allows operations to be defined as isolated from above, indicating that the operation is
a scope barrier—e.g. the “std.func” Op defines a function, and it is not valid for operations within
the function to refer to values defined outside the function. In addition to providing useful semantic
checking, a module containing isolated-from-above Ops may be processed in parallel by an MLIR
compiler since no use-def chains may cross the isolation barriers. This is a important for compilation
to utilize multicore machines.

Symbols and symbol tables Ops can have a symbol table attached. This table is a standardized
way of associating names, represented as strings, to IR objects, called symbols. The IR does not
prescribe what symbols are used for, leaving it up to the Op definition. Symbols are most useful
for named entities need not obey SSA: they cannot be redefined within the same table, but they
can be used prior to their definition. For example, global variables, functions or named modules
can be represented as symbols. Without this mechanism, it would have been impossible to define,
e.g., recursive function referring to themselves in their definition. Symbol tables can be nested if an
Op with a symbol table attached has associated regions containing similar Ops. MLIR provides a
mechanism to reference symbols from an Op, including nested symbols.
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Example: Matrix Multiplication in the Affine MLIR Dialect

A PREPRINT - MARCH 3, 2020

63.29 GFLOPS

$ ./openblas
0.259527s
67.49 GFLOPS

$ ./mkl
0.273492s
67.70 GFLOPS

MKL and OpenBLAS are nearly at 92% of the peak (68/75.2), while BLIS is close at 85% of the peak. We will keep
these in mind as we try out how to build high-performance versions with MLIR. Note: we haven’t been very rigorous
with the above experimentation in terms of performing warmup runs, taking an average across repetitions etc., but our
goal is to just get a reasonably accurate picture for now.

2 Using MLIR to Optimize GEMM

There is currently no C/C++ or another language/programming model frontend that emits MLIR. The way to get
something in MLIR run on CPUs is through mlir-cpu-runner which can take MLIR as input and JIT compile and
execute it. As part of this process, optimized MLIR is converted to LLVM IR, which then goes through its optimization
pipeline to generate target code, all of this through mlir-cpu-runner.

2.1 Affine Ops

Here is how a simple canonical matrix-matrix multiplication looks like in MLIR – the structure is close to its form in C.
// C += A * B.
func @matmul(%A: memref<2048x2048xf64>, %B: memref<2048x2048xf64>, %C: memref<2048x2048xf64>) {
affine.for %arg3 = 0 to 2048 {
affine.for %arg4 = 0 to 2048 {
affine.for %arg5 = 0 to 2048 {
%a = affine.load %A[%arg3, %arg5] : memref<2048x2048xf64>
%b = affine.load %B[%arg5, %arg4] : memref<2048x2048xf64>
%ci = affine.load %C[%arg3, %arg4] : memref<2048x2048xf64>
%p = mulf %a, %b : f64
%co = addf %ci, %p : f64
affine.store %co, %C[%arg3, %arg4] : memref<2048x2048xf64>

}
}

}
return

}

func @main() {
%A = alloc() : memref<2048x2048xf64>
%B = alloc() : memref<2048x2048xf64>
%C = alloc() : memref<2048x2048xf64>

%cf1 = constant 1.00000e+00 : f64

linalg.fill(%A, %cf1) : memref<2048x2048xf64>, f64
linalg.fill(%B, %cf1) : memref<2048x2048xf64>, f64
linalg.fill(%C, %cf1) : memref<2048x2048xf64>, f64

call @matmul(%A, %B, %C) : (memref<2048x2048xf64>, memref<2048x2048xf64>, memref<2048x2048xf64>) -> ()
call @print_memref_2d_f64(%C): (memref<2048x2048xf64>) -> ()
return

}

func @print_memref_2d_f64(memref<2048x2048xf64>)

affine.for and affine.load/store are ops from the Affine dialect [5] used above. The IR above also uses a helper op from
the LinAlg dialect to initialize matrices. The rest like (addf, mulf, alloc) are all ops from MLIR’s standard dialect.
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[High Performance Code Generation in MLIR: An Early Case Study with GEMM - Uday Bondhugula]
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Example: TensorFlow in MLIR

MNIST

Representation via the XLA HLO Dialect: 
https://github.com/tensorflow/mlir-hlo 

https://github.com/tensorflow/mlir-hlo


How can we represent lambda calculus in MLIR?

• We will look at the functional array programming language RISE (rise-lang.org)  

• This is one of my research projects that I am working on with many students and collaborators
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Matrix Multiplication in RISE

Data-Parallel Patterns

http://rise-lang.org


RISE in MLIR = λ-calculus + Patterns

• For representing λ-calculus we need: 

• FunctionTypes 

• DataTypes 

• Abstraction 
 
 

• Application 
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Associates a region with 
a RISE function type.



Representing patterns

4

` : (t : data) ! t
neg : {t : data} ! t ! t
(+, ⇤, /, �) : {t : data} ! t ! t ! t
(>=, <=, ==) : {t : data} ! t ! t ! bool
select : {t : data} ! bool ! t ! t ! t

map : {n : nat} ! {s t : data} ! (s ! t ) ! n•s ! n•t
mapSeq : {n : nat} ! {s t : data} ! (s ! t ) ! n•s ! n•t
reduce : {n : nat} ! {t : data} ! (t ! t ! t ) ! t ! n•t ! t
reduceSeq : {n : nat} ! {s t : data} ! (s ! t ! t ) ! t ! n•s ! t
reduceSeqUnroll : {n : nat} ! {s t : data} ! (s ! t ! t ) ! t ! n•s ! t
scanSeq : {n : nat} ! {s t : data} ! (s ! t ! t ) ! t ! n•s ! n•t
iterate : {n m : nat} ! (k : nat) ! {t : data} ! ((l : nat) ! ln•t ! l•t ) ! (m · nk )•t !m•t

split : (n : nat) ! {m : nat} ! {t : data} ! nm•t !m•n•t
join : {n m : nat} ! {t : data} ! n•m•t ! nm•t

slide : {n : nat} ! (sz sp : nat) ! {t : data} ! (sp · n + sz � sp)•t ! n•sz•t
slideSeq(rot ) : {n : nat} ! (sz sp : nat) ! {t : data} ! (sp · n + sz � sp)•t ! n•sz•t 8rot 2 {values, indices}
transpose : {n m : nat} ! {t : data} ! n•m•t !m•n•t

reorder : {n : nat} ! {t : data} ! (idx[n] ! idx[n]) ! (idx[n] ! idx[n]) ! n•t ! n•t

generate : {n : nat} ! {t : data} ! (idx[n] ! t ) ! n•t

drop : (n : nat) ! {m : nat} ! {t : data} ! (n +m)•t !m•t
take : (n : nat) ! {m : nat} ! {t : data} ! (n +m)•t ! n•t

padCst : {n : nat} ! (l q : nat) ! {t : data} ! t ! n•t ! (l + n + q)•t
padClamp : {n : nat} ! (l q : nat) ! {t : data} ! n•t ! (l + n + q)•t
zip : {n : nat} ! {s t : data} ! n•s ! n•t ! n•(s ⇥ t )
unzip : {n : nat} ! {s t : data} ! n•(s ⇥ t ) ! (n•s ⇥ n•t )
pair : {s t : data} ! s ! t ! s ⇥ t
fst : {s t : data} ! s ⇥ t ! s
snd : {s t : data} ! s ⇥ t ! t

idx : {n : nat} ! {t : data} ! idx[n] ! n•t ! t

indexAsNat : {n : nat} ! idx[n] ! nat
natAsIndex : (n : nat) ! nat ! idx[n]
cast : {s t : data} ! s ! t

depJoin : {n : nat} ! {fN : nat!nat} ! {t : data} ! n⌅i 7! (fN i)•t ! �n�1j=0 (fN j)•t
depMapSeq : {n : nat} ! {fS fT : nat!data} ! ((k : nat) ! (fS k ) ! (fT k )) ! n⌅fS ! n⌅fT
partition : {n : nat} ! {t : data} ! (m : nat) ! (fN : nat!nat) ! n•t !m⌅i 7! (fN i)•t

Fig. 3. Data Parallel Programming Primitives

mapP (i) : {n : nat} ! {s t : data} ! (s ! t ) ! n•s ! n•t 8P 2 {global, local, workGroup} ^ 8i 2 {0, 1, 2}
toMem : {t : data} ! (a : addrSpace) ! t ! t

Fig. 4. OpenCL Primitives

mapPar : {n : nat} ! {s t : data} ! (s ! t ) ! n•s ! n•t
reducePar : {n : nat} ! {a : addrSpace} ! {t : data} ! (t ! t ! t ) ! t ! n•t ! t

Fig. 5. OpenMP Primitives
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Array Type

Type parameters
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In MLIR:

Passing types to type parameters
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Passing values to value parameters



Matrix Multiplication in RISE in MLIR
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Compiling TensorFlow to LLVM IR via RISE
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6.3 Translating Dot-product to OpenCL
We pick up the dot product example (2) given in Section 2 to show how a mild variation which makes use of the
OpenCL-speci�c primitives is translated to real OpenCL.�e example shown here uses themapWorkgroup
and mapLocal primitives together with the vectorisation primitives asVector and asScalar.
asScalar4 (join (mapWorkgroup (�zs1.mapLocal (�zs2. reduce (�x a. (fst x ⇤ snd x ) + a) 0 (split 8192 zs2)) zs1)

(split 8192 (zip (asVector4 xs) (asVector4 ys))))))

�is is the code used in the experimental evaluation (Section 7) and shows excellent performance on an Intel
CPUs compared to the reference MKL implementation. Vectorisation is crucial on Intel CPUs for achieving high
performance.
�is purely functional program with OpenCL-speci�c primitives is translated to the following imperative

program. �e translation largely follows the steps explained in Section 4 extended to cover the OpenCL-speci�c
primitives, as explained above.

parforWorkgroup (N /8192) (joinAcc (N /8192) 64 (asScalarAcc4 (N /128) out)) (� �id o.
parforLocal 64 o (� lid o.
newPrivate numh4i accum.

accum.1 := 0;
for 2048 (� i .
accum.1 := accum.2 +

(fst (idx (idx (split 2048 (idx (split (8192 ⇤ 4) (zip (asVector4 xs ) (asVector4 �s ))) �id )) lid ) i )) ⇤
(snd (idx (idx (split 2048 (idx (split (8192 ⇤ 4) (zip (asVector4 xs ) (asVector4 �s ))) �id )) lid ) i )) );

out := accum.2 ))

We generate the following OpenCL kernel where each line corresponds to a line of the imperative DPIA program.

1 kernel void KERNEL(global float *out , const global float *restrict xs,

2 const global float *restrict ys, int N) {

3 for (int g_id = get_group_id (0); g_id < N / 8192; g_id += get_num_groups (0)) {

4 for (int l_id = get_local_id (0); l_id < 64; l_id += get_local_size (0)) {

5 float4 accum;

6 accum = (float4 )(0.0, 0.0, 0.0, 0.0);

7 for (int i = 0; i < 2048; i += 1) {

8 accum = (accum +

9 (vload4 (((2048 * l_id) + (8192 * 4 * g_id) + i), xs) *

10 vload4 (((2048 * l_id) + (8192 * 4 * g_id) + i), ys))); }

11 vstore4(accum , ((64 * g_id) + l_id), out); } } }

�e parforWorkgroup and parforLocal primitives have been translated into for loops in line 3 and 4 which
use the OpenCL functions get group id and get local id for distributing iterations across parallel executing
work-groups and work-items. Loading elements as vector data types from the float arrays xs and ys requires
using the OpenCL provided function vload4 in lines 9 and 10. Similarly, storing the computed value with vector
data type in the output array uses the vstore4 function in line 11.

6.4 Memory allocation in Data Parallel Idealised Algol for OpenCL
Our translation from functional to imperative programs leaves us with programs which perform statically
bounded memory allocation. �e lifetime of every memory allocation is known because it is bounded by the
scope of the new primitive. Nevertheless, the memory allocation occurs dynamically as part of the execution of
the program. In C these allocations can be performed with malloc on the heap or alloca on the stack. However,
OpenCL does not support dynamic memory allocation. Furthermore, OpenCL demands that all temporary bu�ers
in global and local memory – even with statically known size – have to be allocated prior to the kernel execution
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using the OpenCL provided function vload4 in lines 9 and 10. Similarly, storing the computed value with vector
data type in the output array uses the vstore4 function in line 11.
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bounded memory allocation. �e lifetime of every memory allocation is known because it is bounded by the
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2.1 Expressing Parallelisation Strategies in Functional Code
Here is an expression that describes the dot product of two vectors xs and ys:

reduce (+) 0 (map (�x . fst x ⇤ snd x ) (zip xs ys)) (1)

�is expression can be read in two ways. Firstly, read mathematically, it is a declarative speci�cation of the
dot product. Secondly, it can be read as a strategy for computing dot products. Reading right-to-le�, we have a
pipeline arrangement. Let us make the following assumptions: i) zip is not materialised (it only a�ects how later
parts of the pipeline read their input); ii) map is executed in parallel across the array; and iii) reduce is executed
sequentially. �en we can read this expression as embodying a naive “parallel map, sequential reduce” strategy.

Such a naive strategy is not always best. If we try to execute one parallel job per element of the input arrays,
then depending on the underlying architecture we will either fail (e.g., on GPUs with a �xed number of execution
units), or generate so many threads that coordination of them will dominate the runtime (e.g., on CPUs). �e
overall strategy of “parallel, then sequential” is likely not the most e�cient, either.

We can give a more re�ned strategy given information about the underlying architecture. For instance, GPUs
support nesting of parallelism by organising threads into groups, or work-items into work-groups, using OpenCL
terminology. If we know that the input is of size n ⇥ 128 ⇥ 2048, we can explicitly control how parallelism can
be mapped to the GPU hierarchy. �e following expression distributes the work among n groups of 128 local
threads, each processing 2048 elements in one go, by directly reducing over the multiplied pairs of elements:

reduce (+) 0 (join (mapWorkgroup (�zs1.mapLocal (�zs2. reduce (�x a. (fst x ⇤ snd x ) + a) 0 (split 2048 zs2)) zs1)
(split (2048 ⇤ 128) (zip xs ys)))))

(2)
Although this expression gives much more information about how to process the computation on the GPU, we
have not le� the functional paradigm, so we still have access to the straightforward mathematical reading of
this expression. We can use equational reasoning to prove that this is semantically equivalent to (1). Equational
reasoning can also be used to generate (2) from (1). Indeed Steuwer et al. (2015) have shown that stochastic search
techniques are e�ective at automatically discovering parallelisation strategies that match hand-coded ones.
However, even with a speci�ed parallelisation strategy we cannot execute this code directly. We need to

translate the functional code to an imperative language like OpenCL or CUDA in a way that preserves our chosen
strategy. �is paper presents a formal approach to solving this translation problem.

2.2 Strategy Preserving Translation to Imperative Code
What is the simplest way of converting a functional program to an imperative one? Starting with our zip-map-
reduce formulation of dot-product (1), we can turn it into an imperative program simply by assigning its result to
an output variable out:

out := reduce (+) 0 (map (�x . fst x ⇤ snd x ) (zip xs ys))

Unfortunately, this is not suitable for compilation targets like OpenCL or CUDA. While assignment statements
are the bread-and-bu�er of such languages, their expression languages certainly do not include such modern
amenities as higher ordermap and reduce functions. To translate these away, we introduce a novel acceptor-
passing translationALEM� (out). �e key idea is that for any expression E producing data of type � , the translation
ALEM� (out) is an imperative program that has the same e�ect as the assignment out := E and is free from
higher-order combinators. �is translation is mutually de�ned with a continuation passing translation CLEM� (C )
that takes a parameterised command C that will consume the output, instead of taking an output variable.
�e de�nition of the translation is given in Section 4.1. We introduce it here by example. Applied to our

dot-product code, our translation �rst replaces the reduce by a corresponding imperative combinator reduceI.
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Strategy Preserving Compilation for Parallel Functional Code
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Graphics Processing Units (GPUs) and other parallel devices are widely available and have the potential
for accelerating a wide class of algorithms. However, expert programming skills are required to achieving
maximum performance. These devices expose low-level hardware details through imperative programming
interfaces where programmers explicity encode device-speci�c optimisation strategies. This inevitably results
in non-performance-portable programs delivering suboptimal performance on other devices.

Functional programming models have recently seen a renaissance in the systems community as they o�er
solutions for tackling the performance portability challenge. Recent work has shown how to automatically
choose high-performance parallelisation strategies for a wide range of hardware architectures encoded in
a functional representation. However, the translation of such functional representations to the imperative
program expected by the hardware interface is typically performed ad hoc with no correctness guarantees
and no guarantees to preserve the intended parallelisation strategy.

In this paper, we present a formalised strategy-preserving translation from high-level functional code to
low-level data race free parallel imperative code. This translation is formulated and proved correct within
a language we call Data Parallel Idealised Algol (DPIA), a dialect of Reynolds’ Idealised Algol. Performance
results on GPUs and a multicore CPU show that the formalised translation process generates low-level code
with performance on a par with code generated from ad hoc approaches.

CCS Concepts: • Software and its engineering→ Parallel programming languages; Functional languages;
Imperative languages; Multiparadigm languages;

1 INTRODUCTION
Modern parallel hardware such as Graphics Processing Units (GPUs) are di�cult to program and
optimise for. They require the use of imperative programming interfaces such as OpenMP, OpenCL,
or CUDA, which expose low-level hardware details. Although these interfaces enable experts to
squeeze the last bit of performance from the device, they keep most non-expert programmers at
bay. Furthermore, software must be rewritten and tuned speci�cally for each new generation of
device, leading to performance portability problems.

Recent years have seen an accelerating trend towards high level functional programming models
for expressing parallel computation. The absence of side-e�ects, the use of higher order func-
tions, and the compositionality of functional languages makes them particularly attractive for
expressing parallel operations using primitives such as map and reduce. N��� [Blelloch 1993],
CopperHead [Catanzaro et al. 2011], LiquidMetal [Dubach et al. 2012], Accelerate [McDonell et al.
2013], and Delite [Sujeeth et al. 2014] are examples of such functional approaches.

While these approaches o�er a high level programming abstraction, they struggle to deliver high
performance across the wide range of currently available parallel hardware or even across di�erent
GPUs. Ultimately, functional abstractions must be translated into imperative code, as dictated
by contemporary parallel hardware interfaces. However, there is a distinct mismatch between
high-level functional abstractions and low-level hardware primitives. Crutially, the translation
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