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Abstract
To take full advantage of a specific hardware target, perfor-
mance engineers need to gain control on compilers in order
to leverage their domain knowledge about the program and
hardware. Yet, modern compilers are poorly controlled, usu-
ally by configuring a sequence of coarse-grained monolithic
black-box passes, or by means of predefined compiler anno-
tations/pragmas. These can be effective, but often do not let
users precisely optimize their varying compute loads. As a
consequence, performance engineers have to resort to im-
plementing custom passes for a specific optimization heuris-
tic, requiring compiler engineering expert knowledge.

In this paper, we present a technique that provides fine-
grained control of general-purpose compilers by introduc-
ing the Transform dialect, a controllable IR-based transfor-
mation system implemented inMLIR.TheTransform dialect
empowers performance engineers to optimize their various
compute loads by composing and reusing existing—but cur-
rently hidden—compiler features without the need to imple-
ment new passes or even rebuilding the compiler.

We demonstrate in five case studies that the Transform
dialect enables precise, safe composition of compiler trans-
formations and allows for straightforward integration with
state-of-the-art search methods.

CCS Concepts: • Software and its engineering → Com-
pilers; Domain specific languages; • Theory of compu-
tation → Program constructs.

Keywords: MLIR, TransformDialect, Transform Scripts, Con-
trollable Compiler
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1 Introduction
Compilers are typically assembled as a sequence of passes,
or pass pipeline, augmented with flags to configure this pipe-
line and influence heuristics. These passes are subsequently
run on the intermediate representation (IR) of a program
until the compilation process concludes. This approach to
controlling compilers enables users to order the passes of
the compiler, and to perform specific optimizations param-
eterized by their corresponding flags— e.g. apply loop in-
variant code motion on all loops. However, this coarse level
of control is increasingly insufficient to optimize programs
for today’s heterogeneous hardware that require precise op-
timization decisions. Pragmas, or compiler annotations in
the source code, provide finer grained control—e.g. vector-
ization or unrolling hints. These are effective but their im-
plementation requires in-depth and non-modular changes
to the compiler, hence their restriction to specific cases an-
ticipated by compiler engineers.

Often specific parts of a program dominate the overall
runtime and are worth careful and precise optimization, for
example by offloading to an accelerator. In this case, the
user, an expert in their application domain, needs the abil-
ity to communicate their knowledge on how the program
is to be optimized to the compiler. Traditionally, this is per-
formed manually on the program itself by intertwining the
algorithm and its optimization using a low-level program-
ming language like C. This style severely limits the portabil-
ity of a program, often requiring writing and optimizing it
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again for different target hardware. Additionally, many spe-
cialized domains with complex software stacks such as ma-
chine learning only offer high-level programming models
that do not allow expressing optimizations on the required
lower level of abstraction.

Recent domain-specific scheduling approaches such asHa-
lide [33] and TVM [5] address these concerns in the specific
domains of image processing and machine learning. They
enable expressing a schedule separately from the program
to specify its optimization. As a result, supporting a new
hardware target only requires a new schedule, not a com-
plete redesign of the program. This separation of concerns
facilitates reuse and enables the integration of automatic pa-
rameter search methods and schedule synthesis [39].
These existing domain-specific approaches introduce their

own software stacks specific to their domain and do not in-
tegrate well with existing compiler infrastructures. For in-
stance, reusing an existing compiler optimization requires
implementing it again in the respective framework. While
modern compiler construction infrastructure such as MLIR
contain similar transformations as implemented in theHalide
and TVM compilers, these do not get exposed to users. For
instance,MLIR contains functions that implement tiling, loop
interchange or loop unrolling but only exposes them bun-
dled as a pass which has to be applied to all loops. These
passes typically follow a specific heuristic that yields good
results on certain benchmarks but leaves users without fur-
ther control. Realizing a specific composition of transforma-
tions, akin to a schedule, using the existing functions in
MLIR requires users to write new passes in the compiler
source language and rebuild the compiler. A process that
requires expert knowledge beyond the domain of the pro-
gram the user aims to express and optimize.

With Transform dialect, we present an approach to expos-
ing existing, but currently hidden compiler features and pre-
cisely composing them to control the optimization of pro-
grams. We represent our transformation language for con-
trolling compiler optimizations directly as compiler IR.

With our approach the input to compilers consists of two
parts: (1) the computational IR describing the computation
being optimized, referred to as the payload program, and (2)
the Transform script for controlling the compiler. The com-
pilation process is driven by interpreting the Transform IR
that describes how to gradually transform and optimize the
payload program.

The Transform dialect is implemented in MLIR and con-
tains a base set of operations tomodel compositions of trans-
formations. It follows an extensible design to expose new
transformations. We extendMLIR with an interface to make
existing helper functions used in passes accessible to Trans-
form scripts. Thus, exposing fine-grained transform steps
without compromising on their usability from other native
code. By introducing the Transform dialect, we open the hid-
den features of general-purpose compilers to non-compiler

experts in order to enable precisely injecting domain knowl-
edge into the compilation process.
Our contributions are:

• The Transform dialect, an extensible approach to fine-
grained compiler transformation control (Section 3).

• A system of pre- and post-conditions to statically de-
tect problems in compiler pipelines (Section 3.3).

• An evaluation of the Transform dialect with five case
studies (Section 4) highlighting its low computational
overhead and robustness, as well as its usefulness for
detecting performance problems, generating high-per-
formance code, and exploring optimization spaces.

2 Motivation and Background
In the past, compilers were mostly designed to optimize for
common cases.This made sense in a world where applica-
tions were written in one of a few general-purpose program-
ming languages, such as C, C++ and Fortran. Compiler engi-
neers could also focus on a relatively limited class of heuris-
tics, as code was generated only for one of few popular com-
puter architectures, such as x86 and ARM.
This picture has already become one of the distant past.

Nowadays, software is increasinglywritten in domain-speci-
fic languages and software stacks. This has sparked the de-
velopment of domain-specific compilers, such asHalide [33],
TVM [5], TACO [21], Lift [35] & RISE [15], and more, but
also of new compiler frameworks to facilitate their devel-
opment, most prominently MLIR [24]. Our hardware land-
scape has evolved as well, resulting in a growing diversity
of accelerator architectures including GPUs, Google’s TPU,
Groq’s LPU, or Cerebras’ wafer-scale engine, only to name
a few.
Optimizing programs in this new landscape is more chal-

lenging as it requires tweaking and adjusting optimizations
for the target hardware architecture as well as the specific
computation performed by the input program. But, we know
from the domain of machine-learning, that performing op-
timizations specific to individual computational kernels can
lead to significant performance gains that can not be ig-
nored.

2.1 Controlling Transformations Today in MLIR
MLIR [24] has emerged as a popular framework for build-
ing domain-specific compilers. It closely follows LLVM [23],
but crucially allows to define custom abstractions for rep-
resenting specific computations as well as custom compiler
transformations. Programs are represented in a hierarchical
SSA-based form1 and are structured as control-flow graphs
(CFG) of control-flow-free basic blocks. Each block has a set
of block arguments and contains a sequence of operations,

1https://mlir.llvm.org/docs/LangRef
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1 named_sequence @split_then_tile_and_unroll(%func) {
2 %outer = match.op ”scf.for” {first} in %func // type: outer: {scf.for}
3 %hoisted = loop.hoist from %outer to %func // type: hoisted: {*.*}
4 %inner = match.op ”scf.for” {first} in %outer // type: inner: {scf.for}
5 %param = param.constant 8
6 %part:2 = loop.split %inner ub_div_by=%param // type: part#1: {scf.for[ub%8=0]}
7 // part#2: {scf.for[ub<8]}
8 %tiled:2 = loop.tile %part#1 tile_sizes=[%param]. // type: tiled#1: {scf.for[part#1.ub/8]}
9 // tiled#2: {scf.for[ub=8]}
10 %unrolled = loop.unroll %part#2 {full} // type: unrolled: {*.*}
11 %unrolled2 = loop.unroll %part#2 {full} // This statically reports an error!
12 }

(a)Operations of the Transform dialect are used to express a tiling optimization of an uneven inner loop. Inputs and outputs to transforms
are represented explicitly to enable precise chaining. Metadata such as tile sizes are used to further configure individual transforms. Static
reasoning about the possible structure of the payload IR is shown in comments on the right hand side.

1 func @myFunc(%values: memref) {
2
3
4 scf.for %i = 0 to 4096 {
5 %c1 = arith.constant 1
6 scf.for %j = 0 to 2042 {
7 %c2 = arith.constant 2
8
9 %val = memref.load %values[%c1, %i, %j]
10 func.call @use(%val, %c2)
11 }
12
13
14
15
16
17 } }

(b) Initial payload IR

1 func @myFunc(%values: memref) {
2 %c1 = arith.constant 1
3 %c2 = arith.constant 2
4 scf.for %j = 0 to 4096 {
5
6 scf.for %i_0 to 255 {
7 scf.for %i_1 = 0 to 8 {
8 %i = arith.muli %i_0, %i_1
9 %val = memref.load %values[%c1, %i, %j]
10 func.call @use(%val, %c2)
11 }
12 }
13 %val2020 = memref.load %values[%c, 2040, %j]
14 func.call @use(%val)
15 %val2021 = memref.load %values[%c, 2041, %j]
16 func.call @use(%val)
17 } }

(c) Transformed payload IR
Figure 1.ATransform script performing code hoisting, loop splitting, tiling, and unrolling is defined (a) and used to transform
the initial payload IR (b) to the transformed IR (c). The operations associated with specific handles are colored similarly.

each of which can produce multiple return values. Block ar-
guments and values representing the results of prior oper-
ations are used as the operation’s operands. Finally, opera-
tions might have regions containing a hierarchically nested
CFG.

MLIR is extremely customizable, allowing users to define
their own operations and types, arranged into libraries called
dialects. It provides a rich plugin mechanism allowing new
definitions to be injected without recompiling the compiler,
as dynamic libraries or using declarative specifications [11].
Compiler transformations in MLIR are usually bundled

into passes, following the design of LLVM. Passes in mod-
ern compilers are designed to be reusable in different pass
pipeline configurations, enabling performance engineers to
explore which pass pipeline configuration leads to the best
performance for their program and target scenario.

However, the control via passes is coarse-grained as there
is no universal way to restrict passes to a targeted part of
the program. Furthermore, rearranging pass pipelines is re-
stricted by implicit dependencies between passes that are
not explicitly expressed beyond textual documentation.
A significant driver for implementing optimizations in

MLIR is the domain of linear algebra computations found
in ML workloads, particularly those expressed using struc-
tured operations in Linalg and related dialects [37]. Initially,
high-impact transformations such as tiling and fusion, were
orchestrated using a system designed for peephole optimiza-
tion [27] of static single assignment IRs, borrowing ideas
from term rewriting. In this style, each transformation is
expressed as a rewrite pattern, implemented in an impera-
tive style using C++ code, that matches relevant operations
and replaced them with a transformed equivalent. As more
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fine-grained controls are lacking, such patterns are applied
greedily to the entire program until a fixed point is reached.
This approach led to: 1) rewrite patterns that progressively
include target-specific hard-coded heuristics, e.g., only to
unroll loops with less than 8 iterations; 2) conflicts between
rewrite patterns that are applicable to the same inputs, re-
sulting in situations where it is unclear, e.g., whether a loop
should be first tiled or fused with another loop.

As a remedy, such patterns started relying on IR meta-
data to externalize heuristic decisions (e.g., this loop should
be tiled with size 32), establish order (e.g., this operation has
been tiled and should not be tiled again) or otherwise com-
municate with each other. However, this approach is brittle
as metadata is not guaranteed to be preserved by transfor-
mations. Furthermore, metadata may not reference IR con-
structs to which it is not directly attached, requiring delicate
string-based matching and additional IR traversals to link
together several IR pieces.

We need a more principled approach to facilitate the fine-
grained control of compiler optimizations in MLIR.

2.2 Scheduling Languages for Separating
Computations and Optimization Decisions

Halide [33] pioneered the idea of separating computation
from a schedule that specifies the sequence of optimizations
to be performed. This approach has the advantage of porta-
bility: while the computation remains unchanged, different
schedules describe different optimizations for different hard-
ware targets, or even inputs. This model has since been pop-
ularised by other domain-specific compilers, including TVM
and TACO. Unfortunately, all these solutions are domain-
specific and not accessible to a generic compiler framework.

ELEVATE [15] demonstrates how to build a generic sched-
uling language from first principles using formal program-
ming language foundations. However, this formal rewrite-
based approach requires the computational program to be
side-effect free — a significant restriction that is unrealistic
to assume or to ensure in many practical settings.

Therefore, we see a need for a scheduling language for a
generic compiler framework to enable the fine-grained con-
trol of compiler optimizations for a wide variety of settings.
In the following, we describe such a scheduling language for
MLIR implemented as the Transform dialect.

3 Transform Dialect: Representing and
Controlling Transformations using IR

We introduce the Transform dialect by example, designing
an optimization as composition of existing transformations
and applying it to a program as shown in Figure 1. The
Transform script shown in Figure 1a first hoists code out
of a specific loop (line 3), before splitting a nested loop into
two loops (line 6), then tiles the first resulting loop (line 8)

and unrolls the second (line 10). The script contains a de-
liberate error (line 11) where we attempt to unroll the same
loop a second time, to highlight that such errors are detected
statically.
This script is executed sequentially from top to bottom

and consists of MLIR operations that we call transforms. A
transform may directly model a transformation, such as in
lines 3, 6, 8, 10, 11 where part of the payload program is
rewritten, or a transform may assist in targeting or com-
posing other transforms, for instance by matching a nested
operation such as in lines 2 and 4. Transforms define val-
ues called handles, each of which refers to a list of oper-
ations in the payload IR. As Transform scripts are repre-
sented in MLIR itself, handles are regular MLIR values that
obey the usual Static Single Assignment (SSA) rules. Other
transforms may use handles as operands in order to trans-
form the associated payload operations or extract informa-
tion from them. The relation of transforms and their associ-
ated payload operations is indicated in the example through
similar coloring. Additional operations with regions may
be used to organize the Transform script into conditionals,
loops or even functions.
In addition to handles, the Transform script may use pa-

rameters. These values may be unknown when the Trans-
form script is created but known when it is executed. Since
they also obey SSA, parameters are effectively constant dur-
ing execution. Together with attributes on the transform op-
erations, parameters specialize the operation by providing,
e.g., sizes for loop tiling or the preferred vector width. Fig-
ure 1a uses a constant parameter in line 5 to specify split
and tile sizes. This approach makes the Transform dialect a
medium for externalizing compiler heuristics: instead of pa-
rameterizing a transform in the compiler code, one can now
generate Transform scripts with function-like abstractions
that accept parameters as operands and use them inside the
transformation. Parameters can also be derived from the
payload IR. For example, an operation accepting a loop han-
dle and producing a parameter with desired tile sizes is per-
fectly suitable for the Transform dialect.

Transform scripts are executed by the compilerwhen com-
piling the program via an interpreter that maintains the as-
sociation table between handles and payload operations and
dispatches execution to transformation logic implemented
in C++ using MLIR interfaces.2 While our current interface-
based approach is designed for compiler extensibility, Trans-
form scripts can also be lowered down to LLVM IR, (JIT-)
compiled and linked to compiler libraries should compiler
performance become a critical concern.

2MLIR interfaces provide dynamic polymorphism, similarly to OOP.
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Since transformations may not always succeed, the trans-
form interpreter provides an error handlingmechanism sim-
ilar to exceptions.3 A transform may signal a silenceable or
a definite error. In the former case, the interpreter will skip
the remainder of the current region and return control flow
to the parent transform operation. This operation may de-
cide to suppress the error or report it for further handling.
Silenceable errors typically indicate a failed precondition or
at least that the payload has not been modified irreversibly.
Definite errors cannot be suppressed and are immediately
reported, aborting the interpreter.

A detailed description of the Transform dialect extensibil-
ity mechanisms is available in the documentation.4

3.1 Dealing with a Mutable IR
Contrary to many purely functional approaches [15, 35, 38],
the Transform dialect is embedded into a practical compiler
infrastructure operating on a payload IR that is implemented
mutably for efficiency reasons. A transformation in MLIR
may erase the payload operation to which a handle is point-
ing, either to replace it with a newly created operation or to
remove it irreversibly, leaving the handle dangling. To pre-
vent invalid access through such handles, we introduce the
notion of handle invalidation, akin to the concept of iterator
invalidation known in C++. Therefore, a transform must in-
dicate whether it invalidates its operands, which internally
corresponds to indicating a “memory deallocation” side ef-
fect on the operation. Invalidating a handle also invalidates
any other handles to the same payload or any of its parts,
e.g., a nested operation. Invalidated handles cannot be used
as operands anymore.

To enable chaining of transforms, transforms that inval-
idate their operands typically return new handles to their
results, such as in lines 6, 8 in Figure 1a. For instance, a loop
reversal transformation would invalidate the handle to the
loop and return the handle to the reverted loop if its im-
plementation recreates the loop operation, and could pre-
serve the handle if the reversal is done in place. Returning
new handles from a transformation brings the representa-
tion conceptually close to functional approaches, especially
given the single-assignment property of the IR [1], but the
underlying payload IR remains mutable.

To help the user avoid accessing invalidated handles in
the Transform script, the interpreter keeps track of invali-
dation, including handles invalidated indirectly due to nest-
ing in the payload IR discovered by traversing the payload
IR along with the handle/operation mapping, and reports
errors. Static analysis is also possible as described in Sec-
tion 3.4.

3As of the time of writing, MLIR does not model exceptions. We resort to
implicit error-checking semantics in all transforms. All transforms check
if an error had been signaled and are implicitly no-ops in that case.
4https://mlir.llvm.org/docs/Tutorials/transform/

Additionally, a transform may subscribe to “operation re-
placed” and “erased” events from the MLIR rewrite driver,
used by large passes such as dialect conversions and peep-
hole optimizations. In reaction to these events, the trans-
form may prevent handle invalidation by updating the han-
dle to point to the replacement operation or to point to the
empty set of operations, depending on the desired logic.

3.2 Extensibility
The Transform dialect builds on MLIR’s extensibility, allow-
ing advanced users to define new transformation operations
associated either with existing or new custom IR transfor-
mations implemented in the compiler.These transforms can
naturally mix with each other, as any other dialect.
When modifications of the compiler are undesirable, too

challenging or simply impossible, one can nevertheless cre-
ate new transform abstractions as combinations of existing
transforms. Since transforms are operations, they can be or-
ganized into macros or functions using abstractions already
present in MLIR. For example, the named_sequence opera-
tion on line 1 of Figure 1a defines a macro that can be ex-
panded in any other place using the include operation.5

In Halide and TVM, the schedule and computational pro-
gram are written closely side-by-side sharing the same vari-
able scope and the schedule can directly refer to compu-
tational variables. But this means also that schedules are
specific to a single program. In contrast, in our approach
Transform scripts are not program specific and separated
from the computational program making the compositions
of transforms easily reusable and further composable. This
in turn opens the door for building libraries of composed
compiled transforms and distributing them, potentially sep-
arately from the compiler.
Furthermore, since transforms are represented as ordinary

compiler IR, they can be subject to compiler rewrites them-
selves. For example, a loop tiling transformation itself can be
“lowered” to the canonical combination of loop strip-mining
and interchange instead of being implemented directly, and
these loop interchanges may cancel out with eventual fur-
ther interchanges or other transforms present using regular
pattern-driven peephole optimization.

3.3 Composability with Pre- and Post-Conditions
Most compiler optimizations come with assumptions about
the input IR that are required for the transformation to be
successfully applied. When these pre-conditions are not sat-
isfied, defensively-written transformations will not modify
the IR and potentially warn the user, but poorly-written
transformations may result in miscompilations or introduce
subtle bugs. The Transform dialect provides a natural place

5In the implementation, macros are preferred to functions in many cases
as they lead to simpler flow in the interpreter.
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1 transform.convert_scf_to_cf(input: {scf.*}) ->
2 (result: {cf.branch, cf.switch, cf.cond_branch,
3 arith.addi, arith.cmpi, arith.index_cast})

Figure 2. Pre-/post-conditions of convert_scf_to_cf de-
clare which kinds of payload operations are consumed and
removed (all operations from the scf dialect), and which
new operations are introduced by this transform (the oper-
ations listed explicitly in lines 2 and 3).

to explicitly declare pre-conditions as well as specify post-
conditions guaranteed by the transformation to ensurework-
ing compositions. Pre- and post-conditions are expressed us-
ing transform operation attributes as well as the types of
handles, both of which are fully user-extensible in MLIR.

One of themost common uses for the pre- and post-condi-
tions is for a set of progressive lowering transformations. Each
of these removes a subset of operations belonging to one di-
alect and introduces new operations, potentially from an-
other “lower” dialect. For example, a convert_scf_to_cf
lowering transform replaces structured control flow (SCF)
dialect operations, such as loops and conditionals, with clas-
sical branch-based control flow defined in the CF dialect.
Building a full compilation flow in MLIR requires compos-
ing multiple lowerings until all operations use the desired
set of the final target dialects, such as LLVM IR or SPIR-V
dialects. Determining the right order of lowerings is usually
an expensive, trial-and-error process subject to the phase or-
dering issues [40] as there are no programmatically-acces-
sible information about the operations that are being low-
ered out and those that are being introduced.

TheTransform dialect allows developers tomake pre- and
post-conditions explicitly available by listing operations that
are being added and removed by each lowering transform
as shown in Figure 2. In this example, the next lowerings
should take care of converting CF and arithmetic operations
towards the desired target dialects. One can also statically
observe that any loop transformations operating on SCF,
such as interchange or unrolling, must be ordered before
convert_scf_to_cf allowing to check for phase ordering
violations statically. We have implemented a prototype tool
for checking statically if a composition of transforms vio-
lates the specified pre-conditions of any individual trans-
form.

To further facilitate extensibility, it is also possible to not
list specific operation names in the pre- and post-conditions,
but operation interfaces instead. Operation interfaces,6 are
introduced in MLIR to group similarly behaving operations,
such as operations that perform amemory allocation or have
a specific side-effect.

6https://mlir.llvm.org/docs/Interfaces/

1 Dialect memref {
2 Operation subview .constr {
3 Attributes(
4 static_offsets: Variadic<!indexAttr>,
5 static_sizes: Variadic<!indexAttr>,
6 static_strides: Variadic<!indexAttr>)
7 Operands(
8 input: !memrefType,
9 offset: Variadic<!index , 0 >,
10 sizes: Variadic<!index , 0 >,
11 strides: Variadic<!index , 0 >)
12 Results(view: !memrefType)
13 CPPConstraint ”checkMemrefConstraints()” }}

Figure 3. IRDL definition of the memref.subview op-
eration. Highlighted parts are added in a copy of
definition that expresses the post-condition of the
transform.expand_strided_metadata transformation.

1 transform.expand_strided_metadata(input: {memref.*})
->

2 (result: {memref.subview.constr,
3 memref.extract_strided_metadata.constr,
4 memref.extract_aligned_pointer_as_index.constr,
5 memref.reinterpret_cast.constr,
6 affine.min, affine.apply, arith.constant_index})

Figure 4. constraints on input and output handles of
transform.expand_strided_metadata

Advanced Pre- and Post-Condition. Some pre- or post-
conditions of a transformation require more detail than just
requiring the presence of certain operations.The Transform
dialect supports advanced pre-/post-conditions by integrat-
ing the declarative IRDefinition Language (IRDL) [11]. IRDL
is primarily used to declaratively specify operations of di-
alects with their types and invariants. Figure 3 shows the
IRDL definition of the memref.subview operation, that con-
verts one memory reference type to another type which rep-
resents a reduced-size view of the original memory.

To specify advanced transform pre- and post-conditions,
we leverage IRDL’s capability to further constrain opera-
tions and types for existing operations, without changing
their definition.

The expand_strided_metadata transformation, shown in
Figure 4, modifies memref dialect operations so that complex
strided address computations are factored out and the re-
maining accesses are akin to trivial flat pointers [37]. These
simplified accesses are characterized by trivial subview op-
erationswhere the access offsets, sizes and strides are empty.
Figure 3with highlights shows the pseudo operation thatwe
introduce to represent this constrained, where the offset,
sizes and stride operands of a subview are guaranteed to
have cardinality zero. Note, that we only use this IRDL def-
inition to be able to specify the post-condition in Figure 4
and that we do not actually introduce a new operation.
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Checking Pre- and Post-Conditions Dynamically. Ex-
isting MLIR transformations do not declare their pre- and
post-conditions explicitly. To helpwith the process of adding
such declarations, we leverage IRDL’s capability to automat-
ically generate constraint verifiers. These verifiers can be
used to dynamically check pre- and post-conditions.

These dynamic checks are performed while transforming
a concrete input program and are also useful even when
pre- and post-conditions have been specified explicitly—and
have been checked with our static tool. We do this, as we
can not check if the specified pre- and post-conditions are
actually accurate specifications for the concrete transforma-
tion implementations usually written in C++.Therefore, the
dynamic checking can serve as an additional tool to detect
bugs in transformations.

3.4 The Transform IR
The implementation as a dialect in MLIR enables multiple
usage scenarios, where users either write Transform scripts
directly in the MLIR format, or alternatively use one of the
multiple alternative MLIR frontends, including Julia [28] or
Python [25].
Exposing the Transform script as IR also means that we

can use compiler analyses and transformations on the Trans-
form script itself. This can be used in multiple scenarios.

Static analysis of handle invalidation. Transforms be-
ing merely MLIR operations, static analysis for handle in-
validation is readily available as of-the-shelf “use after free”
dataflow analysis. It suffices to express handle definition as
an “allocate” side effect and handle invalidation as a “free”
effect on some notional memory location, and to express
handles pointing to the same or nested payload operations
as (partial) aliasing. This showcases the benefit of expressing
Transform scripts as regular compiler IR.

Composition, simplification and constant propaga-
tion. Named macros described in Section 3.2 are function-
like objects that can be easily processed by existing function
transformations. Indeed they may be implemented by sim-
ply calling the inliner pass and instructing it to always in-
line functions. Since macros don’t support recursion, which
is itself verified by checking for cycles in their call graph,
inlining is always possible.

This in turn enables other simplification usingMLIR peep-
hole optimizer and constant folder. Similarly to any opera-
tion, transform operations define local simplification rules,
e.g., unrolling by 1 or tiling by 0 are noops, so is tiling by a
larger size than the previously applied tiling. Constant pa-
rameters and typing information can be propagated through-
out the script enabling further simplification using the pre-
existing simplification driver. Note that performing this on
the Transform IR removes the need for the transform to be
applied to the payload, most often saving on compile-time
for advanced transformations requiring expensive analyses.

legalize-stable-hlo-to-mhlo

Option 1

legalize-mhlo-to-linalg

convert-linalg-to-loops

reverse diff

{options: “op=arith.addf”}

legalize-stable-hlo-to-mhlo

Option 2

legalize-mhlo-to-linalg

convert-linalg-to-loops

Option 3

reverse diff

{options: “op=mhlo.add”}

reverse diff

{options: “op=stable_hlo.add”}

legalize-stable-hlo-to-mhlo

legalize-mhlo-to-linalg

convert-linalg-to-loops

Figure 5.Three alternative options for when to perform the
automatic differentiation transformation. We use a trans-
form to introspect the pipeline and automatically infer the
appropriate transformation option.

Automatically configuring transformation pipelines
via introspection. Some transformations are meaningful
at different levels of abstraction. Automatic differentiation
(AD), a process crucial formachine learning training, is such
a transformation and is often implemented as a compiler
pass [29]. AD produces instructions computing a derivative
of a given variable. The full derivative is systematically a
sum of partial derivatives with respect to different values.
However, the notion of a sum is ambiguous as there are
multiple kinds of additions, implemented in various MLIR
dialects. The AD pass needs to create “add” instructions of
the right kind for IR to remain compatible with the rest of
the transformation pipeline. This in turn requires the AD
pass to know its place in the pass pipeline and adjust accord-
ingly. In the JAX framework [13], the IR is progressively
rewritten from StableHLO7 to MHLO8, to Arithmetic, and
LLVM dialects at various stages, each of which defines an
“add” operation. Depending on when the AD pass is sched-
uled, it must produce the operation from the corresponding
dialect. While the pass could analyze the IR to understand
which “stage” it is in, such an analysis could be imprecise
since multiple dialects can co-exist in the same translation
unit and maintaining fine-grained control is important.
Using a Transform script, we can precisely control the ab-

straction level at which we want to perform AD, as shown
in Figure 5. However, we must manually configure the au-
tomatic differentiation pass [29] that operates on MLIR and
has been parameterized by the kind of addition operation to
emit. To avoid manually specifying this unnecessary detail,
we introspect the Transform script to infer the parameter
based on the position in the script. This is implemented as
an ordinary compiler transformation performing a simple
automatic traversal over the Transform IR.

7https://openxla.org/stablehlo
8https://www.tensorflow.org/mlir/hlo_ops
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Table 1. ML models converted to TOSA from TensorFlow
using flatbuffer_translate -tflite-flatbuffer-to-mlir and
tf-opt –tfl-to-tosa-pipeline. The use of the Transform di-
alect introduces ≤ 2.6% compile time overhead.

Model # Ops Compile Time (ms)
MLIR Transform

Squeezenet [19] 126 16.6 16.9
GPT-2 [32] 2861 185.4 190.0
Mobile BERT [36] 4134 316.7 317.7
Whisper (decoder only) [31] 847 457.5 462.3
BERT-base-uncased [8] 1182 1315.3 1348.6

3.5 Summary
In this section, we introduced the Transform dialect for com-
posing and controlling compiler transformations. We dis-
cussed various features, including handle invalidation, ex-
tensiblity, ensuring composability via pre-/post-conditions,
and the representation of Transform scripts asMLIR IR. Next,
we are evaluating transform using a number of case studies.

4 Evaluation
We explore 5 case studies with different compiler scenar-
ios. We investigate the overhead of the Transform dialect
and highlight the usefulness of pre- and post-conditions for
building robust compiler pipelines, before showcasing the
fine-grained control helpful for detecting performance prob-
lems, generating high-performance code, and automatically
explore compiler optimizations.

4.1 Case Study 1: Expressing Arbitrary Pass
Pipelines as Transform Scripts

First, we want to establish that we can represent traditional
pass pipelines with the Transform dialect and measure its
overheads due to the interpretation at compile time.

Priorwork on scheduling languages includingHalide [33]
and ELEVATE [15] validated the effectiveness of utilizing
schedule-based compilation strategies for single kernel op-
timization. However, these approaches are either domain-
specific or have not been integrated into larger realistic code
generation settings.We explore the feasibility of scaling such
schedule-based compilation approaches tomodern compiler
infrastructures, focusing on large-scale programs such as
full machine learningmodels. In this case study, wemeasure
the overhead of using our Transform scripts that are inter-
preted at compile time and compare this to the traditional
way inMLIR to control compiler transformations: pass pipe-
lines, that are specified as command line arguments to the
compiler.

We evaluate the overhead of using the Transform dialect
using five machine learning models listed in Table 1 and im-
plemented with the MLIR-based TensorFlow compiler eco-
system. The following pass pipeline from the MLIR Tensor

101 102 103 104

101

102

103

104

Compile Time MLIR (ms)

Compile Time Transform (ms)

Figure 6. Compile time comparison of different models us-
ing regular MLIR vs using Transform Dialect.

Operation Set Architecture (TOSA) dialect9 to the Linalg di-
alect [37] is described in [3]:
mlir-opt --pass-pipeline=builtin.module(
func.func(tosa-optional-decompositions),
canonicalize,
func.func(tosa-infer-shapes,tosa-make-broadcastable,

tosa-to-linalg-named),
canonicalize,
func.func(tosa-layerwise-constant-fold,

tosa-make-broadcastable),
tosa-validate,
func.func(tosa-to-linalg,tosa-to-arith,tosa-to-tensor),
linalg-fuse-elementwise-ops,
one-shot-bufferize)

To obtain a Transform script describing the identical com-
pilation flow, we modified MLIR to automatically create a
Transform script of a pass pipeline that uses the generic
transform.apply_registered_pass transform operation to
invoke MLIR passes. We compare MLIR’s built-in pass man-
ager systemwith the Transform dialect by running the iden-
tical pass pipelines, which is the worst-case scenario for the
Transform dialect, as we do not make use of any of its use-
ful features to precisely control the compilation process—
instead we are measuring the pure overhead.
Our measurements in Table 1 and Figure 6 show, that the

Transform dialect introduces very little compile time over-
head, up to 2.6% compared to the default pass pipeline. Most
of the passes used in these compilation flows are relatively
simple, we expect even less compile time overhead when
more complex passes such as register allocation are invoked.

4.2 Case Study 2: Building Robust Pipelines for
Lowering a Soup of Dialects

In this case study, we are interested in highlighting the im-
portance of pre- and post-conditions for building robust and
flexible compilation pipelines in MLIR.
Aswe discussed in Section 3, compiler transformations of-

ten have specific assumptions on their input, which are not
explicitly expressed or checked. Because of that, when ex-
ploring possible pass pipelines developers often encounter
9https://www.mlplatform.org/tosa
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1 func.func @chunkTo42(A: memref<64x64xf64>) {
2 %chunk = memref.subview %A[/*offsets=*/ 0, 0]

[/*sizes=*/ 4, 4][/*strides=*/ 1, 1] :
3 memref<64x64xf64> to memref<4x4xf64, ...>
4 %value = arith.constant 42.0
5 scf.forall (%i, %j) = (0, 0) to (4, 4) {
6 memref.store %value, %chunk[%i, %j]
7 }
8 }

Figure 7. An example of an MLIR function using core di-
alects.

compiler errors, which are hard to relate to the underlying
problem of an invalid pass order.

In this case study, we specifically investigate programs
represented using the MLIR compiler infrastructure that are
composed out of a mix of different dialects. For instance,
arithmetics are represented using the arith dialect, index-
ing using the index dialect, memory using the memref di-
alect, loops using the scf dialect, and functions using the
func dialect. An example of a simple program that leverages
all of these dialects is presented in Figure 7. This function
accepts a reference to a two-dimensional array in memory
(memref) and creates a 4x4 rectangular view of a part of it
at the given offset and potentially with strides. All values in
the view are then set to the value 42. Such (sub)views sup-
port access with local indexingwithout any additional index
computations and modifications of the loop.

Lowering this simple IR for execution already requires
running specific passes to progressively lower these dialects
to LLVM. An example of a minimal pass pipeline is:

1 convert-scf-to-cf
Lower structured control flow (scf.forall) to basic
blocks and branching instructions.

2 convert-arith-to-llvm
Lower arithmetic dialect operations to their LLVM di-
alect counterparts.

3 convert-cf-to-llvm
Lower control flow (e.g. cf.br) to LLVM counterparts.

4 convert-func-to-llvm
Lower functions to an LLVM compatible format (e.g.
return multiple values as a structure).

5 expand-strided-metadata
Externalize non-trivial addressing from memrefs.

6 finalize-memref-to-llvm
Lower trivially indexed memrefs to LLVM pointers.

7 reconcile-unrealized-casts
Eliminate temporary type cast operations introduced
by previous passes when possible.

Unfortunately, this pipeline fails as soon as we slightly
change the input program by having the view created at
the non-zero offset provided as an additional function ar-
gument, %offset:index. This results in the following error:

“failed to legalize operation builtin.unrealized_conversion_cast
that was explicitly marked illegal”. This message does not
point towards a solution,making the user resort to a painstak-
ing inspection of the IR after each pass.
This error is due to an affine.apply operation that has

been introduced during the expand-strided-metadata pass.
It is used to model the indexing behavior of the now slightly
more complex memref.subview operation. The pass 6 can-
not lower the affine.apply operation accepting index types
to LLVM dialect types, so it inserts type casts around it as-
suming it will be handled by a successor pass that would in-
sert the reverse casts. In its absence, the final pass 7 cannot
remove these type casts that do not cancel out and reports
the error.

Even this close IR inspectionmay be surprising to the user
since they did use the affine dialect, mostly used to repre-
sent constructs amenable to the polyhedral model [4, 10],
in the input program. Moreover, this dialect may be seen
as operating on a conceptually higher level than memory
address indexing due to overly simplistic interpretation of
MLIR memory references as mere pointers, and thus unex-
pected to be produced by a lowering pass. This example il-
lustrates the challenge to compose robust pass pipelines.

An ad-hoc solution to this problem is to simply add the
lower-affine pass and other transitively required lowering
passes after the -expand-strided-metadata pass to lower
all created operations from the affine dialect, including an-
other application of 2 .

In the Transform dialect, we address this issue using pre-
and post-conditions encoded in the corresponding transform
operations and types, as shown in Table 2. Pre-conditions
indicate the payload operations that are expected in the in-
put and will be removed, other operations won’t be modi-
fied. Post-conditions indicate new payload operations that
will be produced. Given the final condition of only using the
LLVM dialect, {𝑙𝑙𝑣𝑚.∗}, our static checking tool reports an
error in this pipeline as it identifies that an affine.apply op-
eration produced by 5 will remain after the pipeline. The
pre- and post-conditions of the Transform dialect support
users to develop robust lowering pipelines that are known
to work for all possible inputs.

4.3 Case Study 3: Debugging Performance
Problematic Optimization Patterns

Besides ensuring that pipelines are correctly producing code,
performance engineers often also have to deal with counter-
productive effects of program optimizations, chasing and
eliminating them.

For instance, while introducing additional peephole opti-
mization patterns for StableHLO that is a part of the Enzyme
AD workflow, we observed that a combination of over 100
work-reducing and enabling transformations yielded counter-
productive results in one of the LLMswewere trying to opti-
mize, with up to 9% overall performance penalty compared
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Table 2. Pre-/post-conditions conditions indicate payload operations removed/introduced by a transform, or additional con-
straints from Figure 3. The affine.apply operation potentially introduced by 5 is not removed by any following pass. Thus
the final IR is {𝑙𝑙𝑣𝑚.∗, affine.apply} and not only LLVM dialect.

Transform Operation Pre-conditions Post-conditions
1 convert-scf-to-cf {𝑠𝑐𝑓 .∗} {𝑐𝑓 .{𝑏𝑟𝑎𝑛𝑐ℎ, 𝑐𝑜𝑛𝑑_𝑏𝑟𝑎𝑛𝑐ℎ}, 𝑎𝑟𝑖𝑡ℎ.{𝑎𝑑𝑑𝑖, 𝑐𝑚𝑝𝑖, ...}, 𝑐𝑎𝑠𝑡}
2 convert-arith-to-llvm {𝑎𝑟𝑖𝑡ℎ.∗} {𝑙𝑙𝑣𝑚.{𝑎𝑑𝑑, 𝑓𝑎𝑑𝑑, 𝑏𝑖𝑡𝑐𝑎𝑠𝑡, 𝑓𝑑𝑖𝑣, 𝑠𝑑𝑖𝑣,𝑢𝑑𝑖𝑣, ...}, 𝑐𝑎𝑠𝑡}
3 convert-cf-to-llvm {𝑐 𝑓 .∗} {𝑙𝑙𝑣𝑚{𝑓𝑢𝑛𝑐, 𝑏𝑟, 𝑐𝑎𝑙𝑙, 𝑐𝑜𝑛𝑑_𝑏𝑟, 𝑠𝑤𝑖𝑡𝑐ℎ,𝑢𝑛𝑟𝑒𝑎𝑐ℎ𝑎𝑏𝑙𝑒}, 𝑐𝑎𝑠𝑡}
4 convert-func-to-llvm {𝑓𝑢𝑛𝑐.∗} {𝑙𝑙𝑣𝑚.{𝑎𝑙𝑙𝑜𝑐𝑎, 𝑐𝑎𝑙𝑙, 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡, 𝑓𝑢𝑛𝑐, 𝑙𝑜𝑎𝑑, 𝑠𝑡𝑜𝑟𝑒,𝑢𝑛𝑑𝑒𝑓, ...}, 𝑐𝑎𝑠𝑡}
5 expand-strided-metadata {𝑚𝑒𝑚𝑟𝑒𝑓 .∗} {𝑚𝑒𝑚𝑟𝑒𝑓 .{𝑠𝑢𝑏𝑣𝑖𝑒𝑤 .𝑐𝑜𝑛𝑠𝑡𝑟 }, 𝑙𝑙𝑣𝑚.{𝑙𝑜𝑎𝑑, ...}, affine.apply}
6 finalize-memref-to-llvm {𝑚𝑒𝑚𝑟𝑒𝑓 .𝑠𝑢𝑏𝑣𝑖𝑒𝑤 .𝑐𝑜𝑛𝑠𝑡𝑟 } {𝑙𝑙𝑣𝑚.{𝑎𝑑𝑑, 𝑎𝑙𝑙𝑜𝑐𝑎, 𝑏𝑟, 𝑐𝑎𝑙𝑙, 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡, 𝑙𝑜𝑎𝑑, 𝑝𝑡𝑟𝑡𝑜𝑖𝑛𝑡, ...}, 𝑐𝑎𝑠𝑡}
7 reconcile-unrealized-casts {𝑐𝑎𝑠𝑡} {}

to the JAX/XLA baseline. However, these optimization pat-
terns are designed either for obvious work reduction (e.g.,
not adding tensor elements produced by padding with zero)
or to enable other transformations (permute tensor trans-
pose to enable it to be folded into a matrix multiplication
that supports transposed operands).

In order to identify which of the individual patterns was
counter-productive, we attempted to perform binary search
over the pattern set. Since the set of optimization patterns
is expressed in C++, it required manual code modifications
and up to 10 minutes per individual pattern for a fresh com-
pilation, linking and packaging on a 4x24-core Xeon Plat-
inum 8160 (Skylake SP) platform with 196 GB RAM using
LLVM.10 While re-compilation time of a single file is neg-
ligible, linking and packaging a 5.4 GiB self-contained tool
that includes parts of TensorFlow, LLVM and a Python inter-
preter (common for production-oriented “hermetic” builds)
consumes most of the time: 31s for linking and 164s for com-
pressed packaging. To alleviate this, we leveraged the Trans-
form dialect support for pattern application by associating
each pattern with a transform operation as follows.11

1 transform.apply_patterns to %func {
2 transform.pattern.add_of_zero_pad
3 transform.pattern.negate_of_transpose
4 transform.pattern.matmul_of_transpose
5 // more patterns
6 }

This allowed us to only deploy the compiler once and to
automate the binary search over the pattern set by simply re-
moving parts of the pattern list in the Transform script, with
each iteration of binary search taking up to 4 seconds for
compilation of the model. Thanks to this, we identified the
counter-productive transformation as “fold reshape/trans-
pose into full reduce’’. While the full additive reduction of
a tensor into a scalar can be implemented effectively re-
gardless of the tensor shape (assuming associativity of float-
ing point addition, e.g., -ffast-math, as is common for ML

10LLVM toolchain 3b5e7c83a6e from Mar 14, 2024
11https://github.com/EnzymeAD/Enzyme-JAX/commit/
396c8c1384a32fa726121e5fed877776e3c6ee6b

1 for (int b=0; b<6; b++) {
2 #pragma omp tile sizes(32, 32)
3 for(int i=0; i<196; i++) {
4 for(int j=0; j<256; j++) {
5 for(int k=0; k<2305; k++) {
6 C[b,i,j] += A[b,i,k] * B[b,k,j];
7 }
8 }
9 }
10 }

Figure 8. OpenMP pragmas for tiling a single loop nest.

workloads), removing the leading reshape/transpose opera-
tions strictly reduces work. However, in this case, this ad-
versely affected the fusion heuristic in the back-end XLA
compiler12 that produced larger, less cache-efficient fusion
clusters.
This case study demonstrates the usefulness of flexible

and fine-grained compiler control that enables quickly ex-
ploring the space of transformations, in this instance to de-
tect a performance problem that affects only a single, but
important, input program.

4.4 Case Study 4: Fine-Grained Control of
Performance Optimizations

Ultimately, we are interested in building compilers that
generate high-performance code. The Transform dialect en-
ables fine-grained control to specify compiler transforma-
tions, e.g., for a single loop nest of a layer of the ResNet-50
model [16]. In this case study, we discuss an existing alter-
native in the form of OpenMP pragmas for controlling com-
piler optimizations. We show the limitations of OpenMP
andwhere the Transform dialect allows to go further by con-
trolling and composing arbitrary compiler transformations.

OpenMP provides directives to perform loop transforma-
tions, that can have significant performance benefits, such
as parallelization or vectorization.These transformations also
include tiling, as shown in Figure 8. Such transformations

12https://openxla.org/xla
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are naturally equally available in the Transform dialect. Un-
like OpenMP, however, the Transform script is not written
directly together with the computational program. Instead,
we explicitly match the “for” loop, as in the line 2 of Figure 9,
which we then tile in line 4.

Since the trip count of the loop along i (196) is not divis-
ible by the corresponding tile size (32), tiling will result in
conditionals being introduced into the loop body, or alterna-
tively the last iterations are being peeled off. Having explicit
handles in the Transform dialect allow us to precisely con-
trol this behavior. We first split the loop into the divisible
part and the remainder in line 3 and gain a handle for both
of these loops which are not visible in the original code. We
then unroll only the remainder loop, named %rest, in line 9.
Using OpenMP, we only have a limited way of composing
transformations, so applying a transformation to a nested
loop resulting from tiling is not possible. We measured the
performance of the generated code optimized via OpenMP
and Transform and observed almost identical performance
with the OpenMP version having a median runtime of 0.48
seconds and the Transform version of 0.49 seconds.

While OpenMP is limited to perform a fixed set of loop
optimizations with the Transform dialect we can go further.
We introduce a new transform replacing a small fixed-size
matrix multiplication, such as that formed by inner loops
after tiling, with a call to a microkernel library [17]. This
new specialized transform is easily added into the compiler
using the MLIR plugin mechanism and mixed with other
transformations, as shown in line 7 of Figure 9. We further-
more wrap this transformation into the alternatives con-
struct in lines 6–8 as it may fail when the microkernel li-
brary doesn’t have an implementation with required sizes.
Here we give no additional alternative, so if the replace-
ment with a library call fails, the input code remains un-
changed. With the optimized microkernel, we achieve a sig-
nificantly better performance of 0.017s, over 20 times faster
than the tiled versions.This small experiment showcases the
additional possibilities the Transform dialect opens to inte-
grate highly specialized optimizations, such as replacements
with dedicated library calls, overmore rigid alternatives such
as OpenMP.

4.5 Case Study 5: Performance Exploration with
State-of-the-Art Autotuning Methods

In this case study, we demonstrate how we can use Trans-
form scripts to quickly explore an optimization space. For
this, we use the state-of-the-art bayesian autotuning tool
BACO [18] to automatically explore the search space for
tiling the loop nest shown in Section 4.4 according to the
tuning parameters and constraints shown in Figure 11. Fig-
ure 12 shows the performance evolution of the optimization
process. The search gradually finds better and better values
for the tile size parameters reaching a final speedup of 1.68.

1 transform.named_sequence @transform_main(%module) {
2 %i_loop = match.op {second} ”scf.for” in %module
3 %main, %rest = loop.split %i_loop div_by 32
4 %tiled:2 = loop.tile %main
5 {tile_sizes=[32, 32]}
6 transform.alternatives {
7 transform.to_library %tiled#2 ”libxsmm”
8 }, { }
9 loop.unroll %rest {full}
10 }

Figure 9. Transform script performing in lines 2–5 the same
optimization as the OpenMP version above. In line 7, the
script attempts to replace the nested loop codewith a library
call resulting in a significant performance win.

1 transform.named_sequence @transform_main(%module) {
2 %batch_loop = match.op {first} ”scf.for” in %module
3 %tiled:4 = loop.tile %batch_loop
4 {tile_sizes=[tile0,tile1,tile2,tile3]}
5 transform.alternatives {
6 transform.to_library %tiled#4 ”libxsmm”
7 }, {
8 transform.assert vect
9 transform.vectorize %tiled#4
10 }, { }
11 }

Figure 10. Transform script with the parametric tile sizes
that are automatically chosen using an autotuning tool.

1 tuning_parameters: [
2 tile0: {range:[0, B], constraints:[B % tile0 == 0]}
3 tile1: {range:[0, M], constraints:[M % tile1 == 0]}
4 tile2: {range:[0, N], constraints:[N % tile2 == 0]}
5 tile3: {range:[0, K], constraints:[K % tile3 == 0]}
6 vect: {range:[0, 1], constraints:[

where(tile3 % vector_size != 0, vect == 0)]} ]

Figure 11. Definition of the tuning parameters used in Fig-
ure 10 with constraints: tile sizes must divide their dimen-
sion and vectorization is disabled if the trip count of the
inner-most loop is not divisible by the machine vector size.

This case study shows how easy it is to integrate Trans-
form with autotuning and similar machine learning-driven
exploration tools to quickly explore optimization spaces.

5 Related Work
ControllingCompilerOptimizations.There aremany al-
ternative approaches to control compiler optimizations rang-
ing from manual annotations, such as OpenMP, over simple
compiler flags, such as -O3, to more complex compiler flags,
such as Polly’s influencing heuristics [14]. These knobs can
be used to search for the best performing combination of op-
timizations, e.g., tuning flags via Monte-Carlo search [22] or
machine learningmethods [7]. Exposing compiler heuristics
to make them accessible is an active research area [34].
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Figure 12. Performance evolution of batch matrix multipli-
cation when searching for the best tile size parameters in
the Transform script specifying the optimization.

URUK [6] and Clay [2] define directives for source-to-
source polyhedral transformation. SPIRAL [12] provides uses
high-level synthesis to produce efficient kernels from ab-
stract descriptions. Source matching and rewriting has also
been proposed for MLIR [9].

The Transform dialect offers a significantly finer-grained
control of compiler transformations. As our final case study
showed this can also be combined with autotuning methods
to explore the optimization space.

Scheduling Languages. Halide [33], TVM [5], TACO [21],
and Rise [15] are examples of domain-specific compilers that
have scheduling languages allowing performance experts
to control compiler optimizations. Besides being domain-
specific, the transformations exposed by the compilers are
also fixed. In contrast, the Transform dialect is an extensible
scheduling language available to generic compilers.

ELEVATE [15] is a scheduling language expressing com-
piler optimizations as compositions of formal rewrite rules.
It provides formal reasoning capabilities for compiler trans-
formations [30]. While generic and extensible, ELEVATE re-
quires optimizations expressed as formal rewrites, requir-
ing computational programs to be pure to apply safely. The
Transformdialect enables composing and controlling of com-
piler transformations over a wider range of scenarios, in a
pre-existing compiler framework.

Exo [20] makes scheduling languages a programmable ex-
tension to the compiler, by using algebraic rewrites within
a core language instead of a specialized code generator tem-
plate, and by generalizing Halide schedules to imperative
code and relying on an SMT solver to verify side-effecting
computations. Unlike the Transform dialect, Exo does not
handle extensible intermediate representations (the core lan-
guage is fixed), and thus cannot operate at the different lev-
els of abstraction needed to operate on the pass pipeline it-
self, to reuse existing transformation passes, and does not
decouple effecting transformations from their validation.

6 Conclusion
We presented and evaluated the MLIR Transform dialect. It
allows for fine-grained control of compiler optimizations
while maintaining the extensible nature of MLIR. Consid-
ering 5 case studies we have demonstrated its low overhead,
and usefulness to define robust, flexible and performant com-
piler pipelines.
Its implementation in the most popular domain-specific

compiler framework opens upmany interesting applications
to further exploit the already existing power of compilers in
as many scenarios as possible.
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A Artifact Appendix
A.1 Abstract
This presents the artifact to supplement the CGO 2025 pa-
per ”The MLIR Transform Dialect - Your compiler is more
powerful than you think”. It includes the code and scripts to
facilitate the reproduction of the experiments presented in
the paper. Additionally it contains the tool mlir-transform-
opt that represents the MLIR compiler infrastructure com-
pletely controllable via a transform script as presented in
the paper.

A.2 Artifact Check-List (Meta-Information)
• Tool: MLIR infrastructure including the transform dialect
and corresponding transformations.

• Transformations: CustomMLIR pass pipelines, transform
scripts

• Data set: Models such as Bert, Mobile-Bert, ResNet, Whis-
per, SqueezeNet, GPT2, LLaMa 2

• Run-time environment: Docker container
• Hardware: General x86/arm-based hardware, we used an
Apple M3.

• Execution: Scripts for automated and customized experi-
ments

• Metrics:: Compile time, runtime performance, demonstra-
tion of certain workflows

• Output: CSV files, performance metrics, graphs
• Experiments: Case studies on Transform dialect usage in
MLIR

• How much disk space required (approximately)?: 20
GB

• How much time is needed to prepare workflow (ap-
proximately)?: 30 minutes if the provided docker image
is used, when building from source 3h

• How much time is needed to complete experiments
(approximately)?: 2-4h depending on search time in case
study 5.

• Publicly available?: Yes
• Archived (provide DOI)?: 10.5281/zenodo.13373470 [26]
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A.3 Description
A.3.1 How Delivered. The artifact is delivered as an archived
docker image on Zenodo (for amd64 architectures, other architec-
tures require building from source). Additionally a public GitHub
repository contains all necessary code and scripts, along with a
Dockerfile for setting up the environment from scratch.

A.3.2 Software Dependencies. Docker and GNU make avail-
able in $PATH.

A.3.3 Data Sets. The data sets include various machine learning
models that are automatically downloaded during the building of
the artifact.

A.4 Installation
Option 1: Loading the Provided Docker Image.
1 # Download docker image
2 wget path/to/zenodo/transform_artifact.tar.gz
3 # Unpack docker image
4 tar -xvf transform_artifact.tar.gz
5 # Load the docker image
6 docker load --input transform_artifact.tar
7 # Run the image interactively from the /home folder

in the image
8 docker run -it -w /home transform_artifact zsh

Option 2: Building the Docker Image from Source.
1 # Clone the repository
2 git clone https://github.com/martin-luecke/

cgo25_transform_artifact.git && cd
cgo25_transform_artifact

3 # Initialize all git submodules
4 git submodule update --init
5 # Build the docker image - ~3h
6 make all
7 # Run the image interactively from the /home folder

in the image
8 make run

A.5 Experiment Workflow
Running All Experiments.
1 # Run all experiments:
2 /home/run_all.sh

This script runs the experiments of case studies 1,3,4 and 5 and
automatically saves the results in the folder /home/results of the
docker container.

A.6 Notes
The file README.txt in the artifact contains detailed information
on the expected results and options for customization for each of
the case studies. Additionally, it provides step-by-step instructions
on how to run the individual case studies, ensuring that users can
easily understand and execute them as intended.
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