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Machine learning (ML) compilers play a key role in enabling high-performance implementations of ML
workloads. These compilers use existing CPU and GPU backends to generate device-specific code. In recent
years, many tensor accelerators (or Al accelerators) have been designed to further accelerate these workloads,
with commercial products like AWS Trainium publicly available. However, compared to commodity hardware,
a majority of tensor accelerators do not have mature ML compiler backends with robust code generation
support. Moreover, tensor accelerator designs are subject to fast iteration cycles, making it difficult to manually
develop and maintain ML compiler backends. Therefore, to enable faster integration of novel tensor accelerator
designs in ML infrastructure, we need to make the compiler backend construction process more agile.

In this paper, we introduce ACT, a compiler backend generator that automatically generates compiler
backends for tensor accelerators, given just the instruction set architecture (ISA) descriptions. These backends
are integrated with XLA, a production ML compiler. ACT uses a novel ISA-parameterized compilation algorithm
to generate a compiler backend with an equality-saturation-based instruction selection phase and a constraint-
programming-based memory allocation phase. We generated compiler backends for 6 accelerator platforms
from industry (e.g., AWS Trainium, Intel AMX) and academia (e.g., Gemmini). We showed that these generated
backends match or outperform commercial compiler backends and expert-written kernel libraries, while
maintaining low compilation overheads. Notably, ACT-generated backend for AWS NKI ISA improved the
code generation coverage for AWS Trainium by 2.3x compared with AWS’s production compiler, neuronx-cc.
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1 Introduction

In recent years, machine learning (ML) workloads have gained popularity, specifically deep learning
models. ML practitioners use ML frameworks such as Tensorflow [1], PyTorch [4], and JAX [35] to
express their computations, and ML compilers such as XLA [20], TorchInductor [4], and TVM [17]
to lower these computations into highly performant executables targeting CPUs and GPUs.

AKkin to general-purpose compilers, ML compilers also use a hierarchical compilation pipeline
(Fig. 1). The frontend lowers programs written using ML frameworks to a tensor-operator-based
intermediate representation (IR) known as tensor computation graphs. These graphs are then
optimized by several graph-level optimization passes [76] such as algebraic simplification and
layout selection. The scale of these optimized graphs [75] can range up to 1000s of nodes. This
is followed by operator fusion and tiling passes, which emit 100s of tiled kernels (sub-graphs
with typically 10-50 nodes). These tiled kernels are compiled to device-specific assembly code
individually using existing compiler backends. For example, XLA [20], a popular ML compiler,
uses the existing lowering pipeline in MLIR [59] and LLVM [58] to compile these tiled kernels in
XLA-HLO IR [22], XLA’s tensor IR, into assembly code for commodity hardware (CPUs and GPUs).

To get the best performance out of ML workloads, many domain-specific tensor accelerators
(a.k.a. Al accelerators) have been designed. They have shown superior runtime performance, and the
fast proliferation of such accelerator designs in both academia and industry is a testament to their
importance and popularity. For example, consider commercial tensor accelerators such as Google
TPUs [54, 55], AWS Trainium [80, 81] and Intel AMX [46], and a large body of academic designs
such as Gemmini [36], MAERI [57], FEATHER [92], EVA [103]. These accelerators are diverse, with
different software-managed memory hierarchies and instruction sets (compute capabilities).
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Fig. 1. Typical hierarchical compilation pipeline present in ML compilers. Our solution, ACT, focuses on
compiler backend construction (shaded red) for tensor accelerators like AWS Trainium [81] and Gemmini [36].
We use XLA compiler [20] as our reference ML compiler, which uses XLA-HLO IR [22] and StableHLO IR [23].

1.1 Need for Generation of Accelerator-specific Compiler Backends

Widespread use of a hardware architecture requires compiler backends that generate device-specific
code, as evident for CPUs and GPUs — companies like Google and Amazon [88] have invested
heavily in compiler toolchains for their tensor accelerators [53, 54, 80, 81]. In contrast, a majority of
tensor accelerators proposed in the literature do not have mature backends and are often evaluated
only on synthetic workloads [43], which inhibits their integration with popular ML compilers.

Tensor accelerators without mature compiler backends instead rely on custom hand-written
kernel libraries, which support only a limited set of kernels and miss out on fusion opportunities
outside this set [25, 41, 69, 70]. For the Gemmini [36] accelerator, we observe that operator fusion
can lead to over 1.7x better performance and a 50% reduction in data movement (§8.6). Therefore,
compiler backends that support code generation for arbitrary tiled kernels are needed.
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Manually constructing such backends for every accelerator is too tedious and too slow to adapt
to the fast pace of accelerator research (§2.3). Therefore, we propose an agile methodology —
automated generation of compiler backends for the multitude of tensor accelerator designs.

1.2 Challenges & Goals

Automatically generating compiler backends that support code generation for arbitrary tiled kernels
for many diverse tensor accelerators comes with new challenges not present in commodity hardware
(e.g., prior works like vectorizer generators for vector ISAs [18, 90, 93]).

Challenge 1: Code generation and optimizations for software-managed scratchpads.
Most tensor accelerators have software-managed scratchpads with different memory hierarchies.
The data access patterns of tensor accelerators vary significantly in shape and size with multi-
dimensional addressing (e.g., AWS Trainium [83]) and multi-dimensional base elements (e.g., 16x64
matrices in Intel AMX [46]). An ideal compiler backend needs to automatically manage data
allocation and reuse for these scratchpads. Works such as Exo [45] model scratchpads themselves,
but leave the data allocation to end-users, whereas 3LA [43] does not model scratchpad reuse.

Challenge 2: Handling parameterized ISA instructions. Tensor accelerators have instruc-
tions with parameters that control execution counts. For example, the Google TPU [55] and AWS
Trainium [83] instructions are parameterized by input shapes (e.g., Bx128). Methodologies adopted
by existing vectorizer generators [18, 90, 93] can only handle fixed-size vector instructions.

Challenge 3: Handling complex ISA descriptions. Tensor accelerator ISA descriptions
often include complex data layout transformations [46, 81, 92], that require accelerator-specific
legalization passes to support such instructions. Existing kernel libraries [45, 46] often rely on long
and tedious pattern-matching rules manually written by experts for each new accelerator.

Moreover, the compiler backend generator should ideally achieve three goals.

Goal 1: Increased compilation coverage. Tensor accelerator designs often require expensive
host fallback to execute certain operators (or sub-graphs) due to their limited compute capabilities.
The compiler backend should have a large compilation coverage, i.e., correctly compile for all tiled
kernels supported by the accelerator — in other words, a sound and complete compiler backend.

Goal 2: Full automation. To minimize the engineering effort, the compiler backend generator
should fully automate the backend generation process with just the ISA descriptions as input.

Goal 3: Interoperability with existing ML compilers. The generated compiler backends
should be compatible with existing ML compilers to facilitate seamless integration and deployment.

1.3 Our Solution

In this paper, we introduce ACT (Accelerator Compiler Toolkit), the first compiler backend
generator that automatically generates sound and complete compiler backends for tensor accelerators
from just their ISA descriptions. ACT consumes ISA descriptions written in TAIDL [50], a popular
ISA description language that supports diverse accelerator designs [36, 46, 55, 83, 92, 103]. ACT
achieves automatic generation (goal 2) by parameterizing the compilation algorithm with TAIDL [50]
constructs, which are concretized for each accelerator given their ISA descriptions. ACT-generated
backends are compatible with XLA [20], a popular ML compiler (goal 3). These backends consume
tiled kernels in XLA-HLO IR as input and produce accelerator-specific assembly code.

We introduce a novel intermediary, partially instantiated instructions (pii), to handle instructions
parameterized by input matrix shapes (challenge 2), prevalent in tensor accelerator ISAs. We term
such instruction parameters/attributes as computational (a), with the rest termed as addressing (f).

ACT’s ISA-parameterized compilation algorithm consists of two main phases—one for solving
each attribute set. The first phase introduces parameterized instruction selection based on equality
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saturation [89] and uses multiple types of rewrites (e.g., IR-to-IR, IR-to-ISA). ACT generates the
IR-to-ISA rewrites from the TAIDL descriptions. These generated rewrites, combined with the XLA’s
IR-to-IR rewrites, perform IR legalization (challenge 3) and resolve the computational attributes
(). The second phase introduces parameterized memory allocation for multi-dimensional buffer
accesses (challenge 1) based on constraint programming on the addressing attributes (). We
introduce intra- and inter-phase fallback paths to ensure completeness of the algorithm (goal 1).

In summary, the paper makes the following contributions.

e We introduce ACT, the first compiler backend generator that automatically generates compiler
backends for tensor accelerators, given just their ISA descriptions in TAIDL. As a core
component of ACT, we present a novel ISA-parameterized compilation algorithm. (§4-§6)

e We augment ACT-generated backends with cost models to generate performant code. (§7)

e We use ACT to generate compiler backends integrated with the XLA compiler for six popular
accelerator platforms from industry (AWS Trainium, Intel AMX, Google TPUv1) and academia
(Gemmini, FEATHER, EVA), demonstrating the generality of ACT. (§8.2)

e We show that the ACT-generated compiler backends match or outperform existing accelerator-
specific backends and expert-written kernel libraries (up to 6.88x speedup). We also improve
compilation coverage for AWS NKI by 2.3x over AWS’s compiler neuronx-cc. (§8.3-§8.6)

e We show that compilation times of the ACT-generated compiler backends are less than a
second for a wide range of kernel sizes, even for large kernels (529 ms for 390 nodes). (§8.7)

ACT is part of a larger open-source ecosystem built around our ISA description language TAIDL [50].
The ecosystem and its associated tutorials are accessible at https://github.com/act-compiler/act.

2 Background

We first briefly discuss XLA-HLO IR, tensor accelerators, and equality saturation workflow, provid-
ing the background needed for the problem formulation (§3) and our solution (§4-§7).

2.1 XLA-HLO IR: XLA Compiler’s Tensor IR

XLA-HLO (High Level Operations) IR [22] is a tensor IR used in the XLA compiler [20], the default
ML compiler for TensorFlow [1] and JAX [35]. Here, we describe the key concepts of XLA-HLO IR
relevant to this paper. These concepts are also applicable to other tensor IRs such as Torch.Aten [4].

Tensors are n-dimensional objects (generalization of 0-D scalars, 1-D vectors, 2-D matrices) that
are usually represented as multi-dimensional arrays. A tensor of tensor-type E[S] has a shape S, a
tuple of integers denoting the dimension sizes, with elements of scalar basetype E such as uint8
(u8), int32 (i32), fp32 (f32), bfloat16 (bf16). A tensor value has a fixed tensor-type with fixed data for
each of its elements. A tensor variable has a fixed tensor-type but can hold variable data at runtime.

Tensor Operators. The XLA compiler manipulates tensors as first-class objects using tensor
operators, which are usually tensor-type agnostic and parameterized by various parameters, collec-
tively called operator attributes. For example, the operator slice(x, s, e, p) extracts a sub-tensor from
an input tensor x of any tensor-type, from indices s to e with a stride of p. Here, s, e, p and the tensor-
type of x are operator attributes of slice, with validity conditions such as 0 < s < e < size(x) and
p > 0. We call tensor operators parameterized by these attributes abstract tensor operators. Table 1
briefly describes the XLA-HLO tensor operators used in this paper. Appendix D visualizes these,
with their operational and denotational semantics documented in [22, 23] and [6], respectively.

During the compilation of a given model, all operator attributes are instantiated. We call these
instantiated tensor operators concrete tensor operators, which take tensor variables as input and
produce a tensor variable as output. Consider an abstract tensor operator f instantiated with
attributes A, producing a concrete tensor operator fa. It takes n tensor variables X = (x;|;) as
input and computes a tensor variable y as output, i.e., y = fa(x1,...x,), or in short, f4(X).

Proc. ACM Program. Lang., Vol. 10, No. OOPSLAZ2, Article 325. Publication date: October 2026.


https://github.com/act-compiler/act

Automatically Generating ML Compiler Backends from Tensor Accelerator ISA Descriptions 325:5

H Tensor Operator \ Operator Attributes \ Description H
y = slice|s.) (x) type(x),s, e Read sub-tensor x[s:e]
y = upslice[;,.1 (x1, x2) type(x),s, e Update sub-tensor x1 [s:e] = x;
y = concatgim (x1,x2) | type(xy), type(xz),dim | Concatenate xi, x; across dimension dim
y = reshape(x) type(x), type(y) Reshape from type(x) to type(y)
y = bitevt(x) type(x), type(y) Bitcast conversion between basetypes
y = broadcasty;,, (x) type(x), dims Broadcast over dimension dim
y = reducey;;, (x) type(x), dims Reduce-sum over dimension dim
y = transpose ;s (%) type(x), dims Permute the dimension order to dims
y = dot(x1, x3) type(x1), type(xz) Matrix multiplication of x1, x;
y = exp(x) type(x) Element-wise exponential
y = div(xy, x3) type(x1) Element-wise divide
y = copy(x) type(x) Identical copy

Table 1. Brief descriptions of tensor operators based on XLA-HLO IR [22] discussed in the paper.
type(x) refers to the tensor-type of tensor variable x. dim represents the dimension number (starting from 1).
We use NumPy-like slice notation x[s;:eq, sz:ez, . . . | and ignore type-based attributes in visualizations.

Tensor Computation Graphs. XLA’s internal IR, called XLA-HLO IR, represents computations
as a tensor computation graph — a directed acyclic graph with tensor operators as nodes and
operands as edges. The edges establish the data dependencies between different tensor operators.
Unless specified otherwise, a tensor computation graph consists of concrete tensor operators.

IR Properties. XLA-HLO IR is a data flow graph IR, i.e., it does not have explicit imperative
control flow. Control flow is represented using higher-order functional operators such as while.
XLA-HLO IR only supports static tensor shapes, i.e., the shapes of all tensor variables are known at
compile time. Shape dynamism is handled by StableHLO passes [21] prior to XLA-HLO IR.

2.2 Tensor Rewrites in XLA Compiler

The XLA compiler performs semantic-preserving transformations on tensor computation graphs
using a set of algebraic rewrite rules, termed tensor rewrites. A tensor rewrite P, — P, substitutes
subgraph P; with subgraph P,, under certain preconditions on the operator attributes.

XLA uses 175+ tensor rewrites, with 115 of these verified to full generality by TensorRight [6].
In our work, we adopt this rewrite set, denoted as R, as foundational axioms of the XLA-HLO IR.
One such rewrite is slices,.e, | (slice[sy:e,] (X)) — slice[s, e, +5,](x). Similar to prior works [51, 96,
100, 104], we define semantic equivalence modulo these tensor rewrites R.

2.3 Tensor Accelerators

Tensor accelerators (a.k.a. Al accelerators) are a class of hardware accelerators optimized for tensor
computations using different microarchitectural innovations such as systolic array-based executions.
Some have programmable dataflows [36, 57, 77], while others are fixed [16, 19, 29, 55, 102]. They
have diverse functional units such as matrix transpositions [54], matrix reshaping units, etc., with
novel innovations such as intelligent on-chip routing [92]. TAIDL [50] standardizes how ISA
semantics are described for a variety of diverse tensor accelerator designs.

2.4 Term Rewriting using Equality Saturation

Term rewriting [7] is classically destructive, making optimizations sensitive to the order in which
rewrites are applied — the well-known “phase-ordering” problem [95]. Equality saturation [89] over-
comes it using e-graphs, which apply rewrites simultaneously and compactly represent equivalence
relations over terms as equivalence classes (e-classes) of equivalent nodes (e-nodes).
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The equality saturation workflow consists of three stages: initialization, exploration, and extrac-
tion. First, the initial e-graph is created from the input term. Next, the exploration stage applies
rewrites until saturation is reached (i.e., applying rewrites does not add any new information) or a
e-node limit is reached. Finally, the optimal term is extracted from the e-graph.

3 Problem Statement

In this section, we formulate the problem of a compiler backend generator that generates sound
and complete accelerator-specific backends from just the accelerator ISA description. First (§3.1),
we describe the input to these backends by illustrating the code generation pipeline of the XLA
compiler [20]. Next (§3.2), we provide a high-level summary of TAIDL [50], a popular ISA description
language for tensor accelerators that serves as the input to our generator. Finally (§3.3), we define
soundness and completeness, and state the problem of a compiler backend generator.

3.1 Tiled Kernels: Input to Accelerator-specific Compiler Backends

XLA’s code generation pipeline starts after the middle-end passes of operator fusion and tiling [75],
which partition the optimized tensor computation graph in XLA-HLO IR (§2.1) into several sub-
graphs and determine the tile factors for each of these sub-graphs. This pipeline is summarized in
Fig. 2, and snippets from different stages of this pipeline are shown in Fig. 3.

Fused Sub-graphs Tiled Kernel Stitched IR
(Fig. 3 @) (Fig.3(0) €% Focusof ACT &3

@ © @ AfterFusion IR Accelerator-specific ASM
. O a“Ifl Tiling Compiler Backend
asses XLA
: . IR ASM

- Hy Tile Factors: Emitters
. ‘ | Kernel 1: (16, 64) R Control ‘ﬁ D

‘ | Kernel 2: (64, 64) : IR : Flow . ASM |
$ | Kernel 3: (256, 1) S ~ e

Fig. 2. Summary of code generation pipeline of XLA compiler [20] after operator fusion and tiling passes.
Snippets from different stages of this pipeline are shown in Fig. 3. In this paper, we focus on accelerator-specific
compiler backends (shaded red) and borrow XLA’s existing implementation for the rest of the pipeline.

1 ... 1 ENTRY %tiled_kernel.1 {

2 %Q = bf16[16,64] parameter (0)
3

4}

(b) Tiled kernel emitted for %fused_subgraph.1

2 %fused_subgraph.1 {
3 %Q = bf16[2048,10241{:T(16,64)}
parameter (@)

4

5%

E 1...

7 ENTRY %main { 2 scf.for %i = 0 to 128 {

8 . 3 oo {

9 %gkv.out = bf16[2048,1024]{:T(16,64)} 4 %x@ = llvm.inline_asm
fusion(...), calls=%fused_subgraph.1 5

10 . 6 }

11 } 73} ...

(2) XLA-HLO IR after operator fusion and tiling passes. (c) Stitched IR with accelerator-specific assembly

The tile factors are annotated by {:T(...)} in purple. code inlined in the control flow for tiling.

Fig. 3. Snippet from different stages of XLA’s code generation pipeline. The accelerator-specific compiler
backend consumes a tiled kernel (b) and emits assembly code (lines 4-5 in (c)) inlined in the stitched IR.
After XLA middle-end passes, the XLA-HLO IR includes multiple sub-graphs (e.g., Fig. 3 (a) lines
2-5) with tile factors annotated in purple (e.g., {: T(16,64)}). First, XLA’s Emi tter modules [24]
emit (i) control flow for tiling (e.g., scf. for loop in Fig. 3 (c) line 2) and (ii) single-tile versions of
all sub-graphs (e.g., Fig. 3 (b)). We name these single-tile versions of sub-graphs as tiled kernels.
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A tiled kernel is syntactically similar to the original sub-graph, except that the tensor shapes
are based on the tile factors (e.g., bf16[16,64] in Fig. 3 (b) vs. bf16[2048,1024] in Fig. 3 (a)).
It is a tensor computation graph in XLA-HLO IR (§2.1), which includes static tensor-types, and
computes a single tile of the original sub-graph. In this paper, we will visualize tiled kernels as
directed acyclic graphs with nodes as tensor operators (from Table 1), for example, in Fig. 4.

The accelerator-specific compiler backend compiles these tiled kernels individually into
accelerator-specific assembly code. Finally, the generated assembly code for different kernels is
inlined and stitched together with control flow for tiling into a single stitched IR (e.g., Fig. 3 (c)). We
defer the specifics of execution of the stitched IR for various accelerators to evaluations (§8).

The input to an accelerator-specific compiler backend is a tiled kernel in XLA-HLO IR
and the output is a sequential accelerator-specific assembly code.

Running Example. Fig. 4 visualizes a tiled kernel Gokv for Q K v
. . . . bf16[64,64] bf16[64,64] bf16[64,64]

QKV computation, which is prevalent in many transformer V1 '
topologies [27, 94]. For illustration purposes, we assume a ms‘[’é’; o 42_"2;‘;‘[’;1596[;],11
single-batch single-head QKV computation over bf16[64, 64] v '
tiles. We use this as a running example for the rest of the paper. 5%~ b';:;jef]

Challenges d‘itvl <2_ broadcast,
Key challenges in designing accelerator-specific compiler back- ~ biee4 641~ bises, 64]
ends are the diversity of tensor accelerator designs and the com- 1 dot 2

bf16[64, 64]

plexity of the ISA descriptions. Different accelerators have dif-
ferent memory hierarchies and instruction granularities, which Fig. 4. Self-attention kernels in Trans-
require different compilation strategies. Furthermore, ISA de- ¢, o models like BERT [27] use
scriptions of tensor accelerators are often parameterized by Qv computation softmax(Q-K7)-V
input shapes [36, 55, 103] and include complex data layout over 4-dimensional tensors. For illus-
transformations [46, 81, 92], which require accelerator-specific tration purposes, we assume a single-

legalization passes to map tiled kernels to the accelerator ISA. batch single-head QKV computation

G bf16[64, 64] tiles.
3.2 TAIDL: Tensor Accelerator ISA Description Qv Over [ ] tles

We choose TAIDL [50], Tensor Accelerator ISA Definition Language, to describe accelerator ISAs
since it supports several existing tensor accelerators [36, 46, 55, 83, 92, 103] and can precisely model
the semantics of new tensor accelerator ISAs. Here, we provide a high-level summary of TAIDL [50]
necessary for later sections. Detailed definitions and explanations are deferred to Appendix A.

TAIDL standardizes the way ISAs and their semantics are developed for tensor accelerators. It
builds on top of the existing formal models [6, 51, 60, 97] of tensors and tensor operators. The key
principle behind TAIDL is that tensor accelerators support coarse-grained instructions that work
on multi-dimensional data (commonly represented as tensors). Therefore, TAIDL descriptions use
compositions of tensor operators in XLA-HLO IR to model the instruction semantics.

An ISA description comprises (1) the software-managed storage units (collectively termed data
model) like scratchpads, and (2) the semantics of instructions that perform computations like data
movement and compute instructions on these storage units. This is analogous to the x86 ISA
description comprising a data model (registers, memory) and an instruction set (add, mov, etc.).

Running Example. Consider a hypothetical accelerator Hokv (Fig. 5 (a)) with two on-chip storage
units—a 16 KB scratchpad and an 8 KB intermediate buffer—and access to global memory via a
DMA engine. Its two compute units are a general matrix multiply (gemm) unit and a softmax
activation unit. It supports five data movement and two compute instructions listed in Fig. 5 (b).
We use this hypothetical accelerator Hokv as our running example for the rest of the paper.
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= GeMM H Instruction \ Description H
Main = 64x 64 load_rm [ y = bitcvt(reshape(x,))
Sc;::r:‘\)::o(?ﬂ | ILte[’deiLte[ ! load_cm y = transpose(bitcvt(reshape(x)))
bf16[64] — Buffer (dy) store_rm y = reShape(bitcvt(xl))
- 6&:2‘&54‘]” store_cm y= transpose(reShape(bitCVt(xI)))
[T [ 1 I mov L= <
DMA Softmax y = copy (1)
Engine Activation gemm y= dot(xl, Xz)
—f+—+— y = div(exp(x1),
ft [
1MB of Global Memory (dg) sortmax broadcast(reduce(exp(#\’.l))))
(a) (b)

Fig. 5. Running example. (a) High-level accelerator design for a hypothetical accelerator Hoxv.
(b) Brief description of its instruction set. Tensor variables are colored based on their storage unit (dy, d;, d5).

(i) TAIDL constructs: Data Model

The software-managed storage units, like scratchpads on an accelerator, are abstractly represented
as tensor buffers. TAIDL represents a tensor buffer d as a tensor (of type E[Sy, S1]) with a subset
of dimensions representing access dimensions (Sp) and the remaining dimensions representing
the granularity of data access (S1). TAIDL assumes that an accelerator has a byte-addressable
1-dimensional global memory (HBM) that is accessible by the host processor and is denoted d.

Running Example. Tensor buffer representations for software-managed storage units of Hoxy are
represented in lines 2—4 of Fig. 6. The main scratchpad (d;) consists of 128 rows (Sp=[128]) of 64-
length bf16 vectors (S;=[64]). Instructions read and/or modify the scratchpad at a row granularity.

(ii) TAIDL constructs: Instruction Set

The instruction set is a set of abstract instructions that modify the tensor buffers and are parame-
terized by instruction attributes. A concrete instruction is an instantiation of an abstract instruction
with specific values for the attributes. For example, x86 instructions, such as mov and add, modify
registers or memory and are parameterized by register names and memory addresses.

An assembly code for a tensor accelerator consists of a stream of concrete instructions and a
constant tensor. This is analogous to x86 assembly code with code and data sections, respectively.

TAIDL models the semantics of abstract instructions of tensor accelerators as a composition of
tensor operators in XLA-HLO IR [22]. Fig. 5 (b) provides a brief description of the instruction set of
Hokv using tensor operators from Table 1.

In this work, we extend TAIDL descriptions by classifying the instruction attributes into two
sets: (i) computational (@) attributes, like input matrix shapes (challenge 2), that determine the core
tensor computation; and rest of the attributes as (ii) addressing (f) attributes, like input addresses.

Therefore, an abstract instruction @ which reads ng tensors located in buffers dé,i) |?="1 and modifies
a tensor located in buffer déo), is represented using an abstract tensor computation gg concretized

by the set of computational attributes @, (ng + 1) data slice address maps hg)i) |79, over the set of
addressing attributes f, and a validity constraint eg over the set of attributes o and .

Running Example. The abstract instruction load_rm in Hpky is represented in lines 7-16 of Fig. 6.
Lines 8-9 describe the tensor buffers djoad rm and data slice address maps hjoad_rm of the input
and output tensors. It is a data movement instruction that loads n rows of data (nx128 bytes) from
the HBM (d) starting at address addr;y, to the main scratchpad (d;) starting at row addryy:. The
concrete instruction load_rm(n=4, addr;,=0, addr,,+=2) loads 512 bytes from d;[0:512] to d;[2:6].
Line 10 describes the validity constraint ejpad rm = (7 < 128). Finally, lines 12—16 represent the
abstract tensor computation gjoad rm Using tensor operators (Table 1) and attribute n € @joad rm-
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1# Data Model

2 gkv.set_hbm("do", size="1MB") # u8l[2720]

3 gkv.add_data_model ("d1", S@=[128], S1=[64], E="bf16") # bf16[128,64]

4 gkv.add_data_model ("d2", S@=[64], S1=[64]1, E="bf16") # bf16[64,64]

5

6 # Instruction Semantics

7 instr = gkv.add_instr(name="load_rm", alpha=["n"], beta=["addr_in", "addr_out"])
8 instr.set_inputs ([["d0", start=["addr_in"], len=["n x 128"]1]]) # u8[nx128]

9 instr.set_output(["d1", start=["addr_out"], len=["n"11) # bf16[n,64]

10 instr.set_constraints(["n <= 128"1])

11# y = bitcvt(reshape(x1)) represented using XLA-HLO syntax
12 instr.set_abstract_computation("""ENTRY load_rm {

13 x1 = u8[ n * 128°] parameter (0);

14 a = u8['n°, 64, 2] reshape(x1);

15 ROOT y = bf16["n~, 64] bitcast_convert(a);

16 3""")

Fig. 6. Snippet of ISA description of Hogy in TAIDL with instruction attributes annotated as & and g.

3.3 Problem Formulation: Compiler Backend Generator

Finally, we formulate the problem statement of a compiler backend generator that generates sound
and complete compiler backends from just the accelerator ISA descriptions in TAIDL.

A compiler backend for a tensor accelerator consumes a tiled kernel (§3.1) as the input and either
(i) successfully compiles to emit an accelerator-specific assembly code (§3.2), or (ii) does not compile,
i.e., either a compilation failure or does not terminate. We define the semantic equivalence between
the tiled kernel and the compiled assembly code using bisimulation transformations, modulo the
set of known tensor rewrites of XLA-HLO IR (as discussed in §2.2).

Soundness: A compiler backend is said to be sound if, for all successfully compiled tiled kernels,
the emitted assembly code is semantically equivalent to the input tiled kernel.

Completeness: A compiler backend is said to be complete if it successfully compiles for all input
tiled kernels that have a semantically equivalent assembly code.

The detailed definitions and formalisms of these concepts are deferred to Appendix A.

We design a compiler backend generator such that for any given ISA description in TAIDL,
it generates an accelerator-specific compiler backend that is sound and complete.

4 Overview of Accelerator Compiler Toolkit (ACT)

We present a compiler backend generator — ACT, Accelerator Compiler Toolkit — that generates a
sound and complete compiler backend from a given tensor accelerator ISA description in TAIDL.
A key contribution of our work is a novel compilation algorithm parameterized by TAIDL constructs
(d;, 0, a, B, go, hy, eg, discussed in §3.2). In this section, we provide a high-level overview of the ISA-
parameterized algorithm (in §4.1-§4.2) and outline the compiler backend generation process based
on this algorithm (in §4.3). We elaborate the details in §5 and §6.

4.1 Overview of the ISA-parameterized Compilation Algorithm

ACT’s parameterized compilation algorithm is designed as a modular pipeline, with each module
focusing on a specific aspect of the compilation. The algorithms for each module are parameterized
by the TAIDL constructs, which are instantiated given an ISA description.

Fig. 7 visualizes the high-level structure of ACT’s ISA-parameterized compilation algorithm.
The algorithm consumes a tiled kernel and emits an assembly code. The assembly code consists
of concrete instructions 6;(«;, ;) |f\i |» 1.e., abstract instructions 6; with initialized computational
(@;) and addressing (f;) attributes. The algorithm consists of two phases: (1) initializing a;s, (i.e.,
instruction selection), and (2) initializing f;s, (i.e., memory allocation).
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Phase 1: Instruction Selection using Equality Saturation (85)
\ ] 5.4 )
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Phase 2: Memory Allocation Using Constraint Programming (§6)
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Fig. 7. Overview of ACT’s parameterized compilation algorithm. Blue modules are parameterized by the TAIDL
constructs (§3.2). The purple module is an external tool. The red edges represent the fallback mechanisms
designed for completeness (proof in Appendix C) and the enumeration pipeline (discussed later in §7).

Phase 1: Tensor Instruction Selection

The first phase consumes the tiled kernel and emits a directed acyclic graph of partially instantiated
instructions (pii), called a pii graph. A partially instantiated instruction is an abstract instruction
0 with « initialized and f uninitialized, denoted as 6. This phase initializes «, i.e., explores
semantically equivalent instruction selection opportunities for the tiled kernel. This is analogous to
the instruction selection pass in CPU backends. It is formulated as an equality saturation problem
and utilizes an existing equality saturation engine [99] to perform graph-level semantic-preserving
substitutions. The three modules required for equality saturation—e-graph initializer, rewrite applier,
and graph extractor—are parameterized by the TAIDL constructs.

Phase 2: Tensor Memory Allocation

The second phase consumes the pii graph and emits the final assembly code. This phase initializes
B, i.e., assigns addresses to the unmapped slices. This is analogous to the register allocation pass
in CPU backends. First, the pii graph is topologically sorted to respect instruction dependencies.
Then, these slices are mapped to the address space of the accelerator’s tensor buffers. This mapping
must (1) maintain instruction dependencies, (2) assign non-overlapping address ranges to slices
with overlapping live ranges, and (3) yield valid instruction attributes. These are formulated as a
constraint satisfaction problem over integers and passed to an existing SAT-based CP solver [39].
Finally, the assembly code is emitted based on the solver’s output. The three modules—topological
sort, constraint generator, and code emitter—are also parameterized by the TAIDL constructs.

Inter-phase fallback mechanism
Unlike commodity hardware, accelerator designs have constraints not captured during instruction
selection, such as non-trivial addressing constraints and lack of spill-reload instructions for some
tensor buffers (e.g., AWS Trainium [81]). Therefore, the second phase may fail to find a valid
solution for a pii graph. The compilation algorithm then falls back to the first phase, which extracts
a different pii graph or performs another iteration of rewrites. This inter-phase mechanism, along
with the intra-phase fallbacks, is essential for completeness.

Soundness. ACT’s parameterized compilation algorithm is sound by construction (proof in
Appendix C). Note that the soundness is defined modulo the foundational axioms of XLA-HLO IR
(as discussed in §2.2). This axiomatic approach is similar to prior works [51, 96, 100, 104].

Proc. ACM Program. Lang., Vol. 10, No. OOPSLAZ2, Article 325. Publication date: October 2026.



Automatically Generating ML Compiler Backends from Tensor Accelerator ISA Descriptions 325:11

Completeness. ACT’s parameterized compilation algorithm is also complete. Intuitively, this is
shown by proving that for any input tiled kernel with an equivalent assembly code, there exists a
sequence of rewrites and a valid ordering of the pii graph that leads to a successful compilation, and
the fallback mechanisms ensure that all possible sequences of rewrites and orderings are explored
and enumerable. The detailed proof of completeness is provided in Appendix C.

Termination. For kernels with no equivalent assembly code, the compilation algorithm may not
terminate, since completeness and guaranteed termination cannot both hold (proven by reduction
from the halting problem in Appendix A). In our context of ML compiler backends, completeness is
crucial to ensure that the middle-end does not fall back to host (CPU) code generation, avoiding the
associated performance degradation (§8.6). In practice, we bound non-termination with a timeout.

4.2 Novelty of the ISA-parameterized Compilation Algorithm

Code generation for tensor accelerators brings unique challenges (§1.2) that are not articulated
nor solved by existing techniques. Off-the-shelf rewrite synthesizers, e-graph extractors, and
memory/register allocators do not handle parameterized tensor instructions, multi-dimensional
scratchpad allocation, or complex layout-transforming ISA semantics. Table 2 summarizes the
novel features of ACT’s parameterized compilation algorithm that address these challenges.

H Limitations of existing techniques

Novelty in ACT

Vector-ISA instruction selectors [18, 90, 93]
assume fixed-size instructions, unlike shape-
parameterized tensor instructions.

Reduction to a two-phase algorithm (§4.1) via a new
pii intermediary, splitting attributes into compu-
tational (@, Phase 1) and addressing (8, Phase 2).

Typical rewrite synthesizers [71, 72] gener-
ate rewrites without preconditions, and can-
not model parameterized instructions with
computational attributes.

Preconditioned rewrite synthesis (§5.2) that gener-
ates one IR-to-ISA rewrite per instruction, with
preconditions on computational attributes for pa-
rameterized instructions.

Existing accelerator backends and libraries
do not ensure completeness and may fail to
compile kernels even when a valid assembly
code exists, forcing host (CPU) fallback.

No-ops modeled as identity pii nodes (§5.2) for
inner-loop tiling and padding, enabling provable
discovery of all equivalent instruction sequences
and ensuring completeness.

One-shot extractors [11, 98—-100] extract a
single graph, freely choosing at most one e-
node per e-class, unable to handle fallback
scenarios or e-node selection constraints.

Enumerative e-graph extraction (§5.3) of all equiv-
alent pii graphs for fallback scenarios, restricting
e-nodes by previously selected ones and allowing
multiple e-nodes per e-class.

Register allocators (graph coloring [3], puz-
zles [79]) and scratchpad allocators [64, 66]
model only interference over 1-D sites, with-
out accelerator addressing constraints.

CSP-based memory allocation (§6.2) combining
accelerator addressing constraints with live-
range interference over multi-dimensional tensor
buffers and related pruning strategies (§6.4).

Table 2. Novel features of ACT’s parameterized compilation algorithm.

4.3 Overview of the Compiler Backend Generation Process

ACT’s ISA-parameterized compilation algorithm is implemented as a generic compiler backend
with pure virtual functions and symbolic templates based on TAIDL constructs. A user specifies an
accelerator ISA in TAIDL (as shown in Fig. 6). ACT processes this ISA description to instantiate a
specialized compiler backend by filling in the symbolic templates with ISA-specific details. This
generation process is visualized in Fig. 8. This is similar to the design principle of classic compiler
component generators such as Flex [30] (for lexical analysis) and Yacc [52] / Bison [78] (for parsing).
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ACT-generated

Generic Compiler —— X
Compiler Backend

ACT Implementation

. Backend
User-provided
ISA Description I:&%
(TAIDL) <:>
Py(::h_on GI;PI Symbolic ISA Template = ISA Independent
ig. AR
Templates —> Specializer BZ = 15A Specific

Fig. 8. Overview of ACT’s compiler backend generation process. The orange region shows the implementation
of the parameterized algorithm as a generic compiler backend (with missing holes) and symbolic ISA templates.
At generation time, these symbolic templates are specialized using the user-provided ISA description.

The generation process runs once per accelerator and produces a standalone accelerator-specific
compiler backend executable. At compile-time, this generated backend executable is called once
per tiled kernel. Detailed correspondence with Flex and Bison is tabulated in Appendix B.

More concretely, ACT converts the TAIDL description into rewrite rules and preconditions for
equality saturation (Phase 1). It also generates ISA-specific implementations of abstract methods
such as get_h@() and get_e(), corresponding to the TAIDL constructs héo) and eg. The constraint
problem (Phase 2) is formulated abstractly on the TAIDL constructs, without any hardcoded ISA
assumptions. This separation ensures that compiler backends are derived systematically from just
the ISA description, without embedding ISA-specific logic in the compiler.

Engineering Effort per Accelerator. Existing TAIDL descriptions take around 10-12 lines
per simple instruction (like Intel AMX [46] load/store, Intel AVX-512 [47] vector compute, Gem-
mini [36]) and 12-15 lines per complex one (like Intel AMX [46] matrix compute, FEATHER [92]
layout reconfigurations), so generating a new accelerator-specific backend takes little effort. These
backends are also compatible with XLA, a production ML compiler, amplifying this reduction.

5 Phase 1: Tensor Instruction Selection Using Equality Saturation
We formulate the tensor instruction selection problem as a search problem over the space of
equivalent tensor computation graphs. We use e-graphs [89] to compactly represent this space of

equivalent tensor computation graphs and enable efficient exploration for instruction selection.
In this section, we focus on the novel features of Phase 1

highlighted in Table 2 — preconditioned IR-to-ISA rewrites ?s?;ﬂ 58,[.;,(1 .Ys'?gﬂ
and identity instructions (§5.2), as well as an enumerative e- 4 4 ——
graph extraction algorithm (§5.3-§5.4). We use the step-wise u8l64,64,2] u8[64,64.2] uB[64,64,2]
lowering of the tiled kernel Gpkv (Fig. 4) for the accelerator -4 -4 4

. . . bitcvt bitcvt bitcvt
Hokv (Fig. 5) as an illustrative example. bicls4,64] bfiels4,64] bfi6l64,64]
5.1 Module 1: E-Graph Initializer o v
In our work, an e-graph is a directed graph where each e-node il iaca)
is a concrete tensor operator or a partially instantiated instruc- usﬂmz]
tion (pii 042, defined in §4.1). An e-class is a set of e-nodes ey
representing semantically equivalent computations rooted at reshape

the e-nodes. By design, an e-node is optionally associated with e

a tensor buffer. Specifically, a pii e-node 0,7 is associated with  Fig. 9. The initial e-graph for Goxv
the output tensor buffer of its instruction (déo) notation from [after Module 1]. Gokv (Fig. 4) is not
§3.2). The e-graph is initialized with the input tiled kernel G~ expanded here for compactness. Note
with a 1-D byte representation of the input and output ten- that the edges are now flipped with

sors. The 1-D byte representation for the bf16 tensors requires the output tensor as the root e-node.
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bitcasting a bf16 to two u8s followed by a reshape operation. The leaf e-nodes are assigned to the
tensor buffer d, i.e., allocated on HBM, while the root is the output tensor, where extraction begins
(§5.3). Fig. 9 shows the initial e-graph for Gokv (Fig. 4), without expanding the sub-graph of Gokv.

5.2 Module 2: Rewrite Applier

The second module specifies the rewrites used in the exploration stage of equality saturation. These
include three types of rewrites: (1) existing set of IR-to-IR tensor rewrites from the XLA compiler,
(2) new IR-to-ISA rewrites generated from the accelerator ISA description, and (3) rewrites based
on no-ops, termed as identity instructions, i.e., instructions that do not modify the memory state.

IR-to-IR rewrites from XLA compiler. ACT-generated backends use the curated set of existing
IR-to-IR rewrites from the XLA compiler (discussed in §2.2) to explore the space of equivalent tensor
computation graphs. Note that these 175+ rewrites are maintained by the XLA compiler developers
and are not specific to any accelerator. Furthermore, e-graphs can simultaneously explore different
sequences of rewrites, avoiding the need to implement accelerator-specific IR legalization passes.

IR-to-ISA rewrites generated from ISA description.

8 ” . . Quem : Khem
At generation time, ACT generates new rewrites with pre- us[8K] uB[8K]
conditions using a pre-order traversal from the ROOT of the * t
. . . reshape reshape
abstract tensor computation gy (line 15 of Fig. 6). These uB[64,64.2] uB[64.64.2]
IR-to-ISA rewrites create new pii nodes in the e-graph. Com- S S , :
bined with IR-to-IR rewrites, they replace manually-written L bitcvt ' load_fMeqp
. . bf16[64,64] bf16[64,64] bf16[64,64]
accelerator-specific pattern-matching rules. oad rm s
For instruction 8, ACT generates the rewrite gg—6 that X bfle;fea,gz‘:j' transpose, ) load_cmgy >
substitutes a concrete tensor computation gy () with pii ' f ‘\Qbm[ed'm] Telod o
s P Iy e SN
node 0, under the precondition 35,ey(a, f) = True. g p—
For example, rewrite bitcvt(reshape(x))—load_rm(x) is bf16[64,64] bf16[64,64] bfl6[6®
generated from Fig. 6. Fig. 10 shows a snippet of the ex-

plored e-graph of Fig. 9 with new pii nodes colored as blue Fig. 10. Snippet of explored e-graph [af-
(d1) and green (d,). Fig. 11 shows the precondition gener- ter Module 2] after applying IR-to-ISA
ated for load_rm, which determines the computational at- rewrites on the initial e-graph (Fig. 9). Dot-
tribute n at compile-time and checks the validity constraint ~ted boxes are e-classes, solid boxes are e-
€load_rm- Most existing rewrite synthesizers [71, 72] gener- fmd.es’ and edge lat_’.els 1/2 are operand
ate rewrites without such preconditions, requiring multiple indices. The new pii nodes result from
. . . . the ACT-generated IR-to-ISA rewrites for
rewrites to cover a parameterized instruction, whereas ACT
. . . load_rm, load_cm, gemm, and mov.
generates only one IR-to-ISA rewrite per instruction.
Identity instructions (no-ops). We model no-
ops as identity instructions slice and concatt,ie.,
instructions that do not modify the tensor buffers. 3 if y.shape.len() != 2
.~ 4 || y.shape[1] != 64
These are pii nodes analogous to tensor opera- 5 || y.dtype != Dtype::BF16 {
6
7
8

1 pub fn precond_load_rm(..) -> bool {
// y: bfl6[ @alpha.n”, 64]

tors slice and concat but with the constraint that return false;
: }
th.e 12puts .zmd the output are on th.e.same buffer. let alpha_n = y.shape[0]:
slice’” applies only under a precondition (the slice o if alpha_n > 128 {
dimensionality must match a tensor buffer, §3.2), 1‘1’ . return false;
and concat constrains its two operands tobe al- 1, .. ;/ Repeat for a, xI
located contiguously in the same tensor buffer so 13 3
the next instruction reads them as one operand. Fig. 11. Snippet of the rewrite precondition (Rust)
These 1dent1ty instructions ensure exploration of generated from the semantics of load_rm in F|g 6.

all equivalent pii graphs (proof in Appendix C).  Line 8 determines the computational attribute n.
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5.3 Module 3: Graph Extractor

The third module performs the extraction stage of the equality saturation workflow. It extracts a
directed acyclic graph of pii nodes (i.e., a pii graph) from the explored e-graph (after Module 2).

First, a bottom-up traversal (from leaf e-classes) is performed to detect e-classes representing
compile-time constant tensors. The e-classes with a leaf e-node, such as tensor operators eye, iota,
are constants. An e-class is a constant if any one of its e-nodes has all its operands as constants.
Such e-classes become base cases of the extraction below (line 6 of Fig. 12).

Then, a top-down traversal (from root e-
class) is performed to extract the pii graphs. It
is guided by the input and output tensor buffers

def extract(ec, buf, limit):
# node budget N_max exhausted
> if limit == 0: return {}
(dél) |:l:90 notation from §3.2) associated with
each pii e-node. Fig. 12 presents the pseudocode
— extract(EC, d, N) returns all pii graphs com-
puting e-class EC into tensor buffer d within N _
9 graphs = {}

nodes, invoked at the root with d = d;, (line 24). 10 for e in ec.enodes:

if ec.is_input or ec.is_const:

1
2
3
4
5 # base cases: input or constant
6
7 return {leaf(ec)}

8

Only the e-nodes whose output tensor buffer 1! # buffer-guided selection
(0) o 12 if e.out_buf != buf: continue
d, ' matches the requested d are admissible 13 children = []
(line 12), and each of them in turn requests 1‘5‘ f°"b1% € o _engm:r['gge(e.args):
: cbu = e.1ln_bu 1
d(gl) for its i-th operand (lines 15-16). For exam- 16 sub = extract(c, cbuf, limit-1)
ple, load_cmyg, » is admissible for the buffer that 17 children.append(sub)

i . . 18 # enumerate all combinations
gemm requests for its second operand in Fig. 10, for combo in product (*children):
since d'” =d, =d? . The graphs of an 20 graphs.add(pii(e, combo))

load_cm 8 21 return graphs

admissible e-node are the Cartesian product ;;
of its operands’ graph sets (line 19), and those 23 # Module 3 entry point

. . L. 24 extract (egraph.root, HBM, N_max)
of an e-class are the union over its admissible
e-nodes. The traversal terminates upon reach- Fig. 12. Top-down traversal to extract all pii graphs
ing an input variable leaf e-node or a constant following buffer constraints within the Niax node limit.
e-class, or hitting a pii node limit Ny« (line 3).

Classical one-shot extractors [11, 98-100] freely select at most one e-node per e-class without
any e-node constraints. Our extraction differs on both counts — selection is constrained by the
buffer requested by the parent e-node, and an e-class expanded under several requested buffers
contributes multiple of its e-nodes to one pii graph. Enumerating all of them is necessary rather
than merely thorough, since Phase 2 can fail for a given pii graph (§4.1) and its cost is known only
after code generation (§7). Without our novel extraction algorithm, most kernels (> 95%) fail to
compile for popular tensor accelerator ISAs such as AWS NKI [83] and Gemmini [36].

Fig. 13 (a) shows the first extracted pii graph from the explored e-graph of Gokv (Fig. 10).

5.4 Intra-phase Fallback Mechanism: Enumerating All Equivalent pii Graphs

The exploration and extraction stages of equality saturation may not terminate for all tiled kernels.
The exploration stage iteratively applies the rewrites but may not reach saturation for all tiled
kernels. The explored e-graph may have loops, and infinite equivalent pii graphs may exist.

To ensure that all equivalent pii graphs are enumerable without getting stuck within an infinite
loop of either of the two stages, we use a bounded approach of exploration and extraction. We
iteratively increase the pii node limit N,y for the extraction stage with the iteration count k of the
exploration stage, i.e., Nmax = I'(k) where I' is a strictly monotonically increasing function of k
(e.g., T(k) = 2X). For every value of k, we extract a finite number of pii graphs, and thus, this set is
enumerable. This is analogous to enumerating (a, b) € N? using the Cantor pairing function [13].
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6 Phase 2: Tensor Memory Allocation using Integer Constraint Programming

The second phase of the compilation pipeline is responsible for compiling the generated pii graph
down to accelerator-specific assembly code. This phase involves scheduling the pii graph and
allocating the intermediate tensors on the tensor buffers. We formulate the memory allocation as
an integer constraint satisfaction problem (CSP) and solve it using a SAT-based CP solver.

In this section, we focus on the novel features of Phase 2 highlighted in Table 2 — the parameter-
ized multi-dimensional CSP formulation (§6.2) and interference-based pruning (§6.4).

6.1 Module 4: Topological Sort

Instruction scheduling needs to adhere to def-use edges of the pii graph and perform a topological
ordering of the nodes. Our priority is to minimize the live ranges of the intermediate tensors and
reduce the possibility of memory allocation failing. Sethi-Ullman algorithm [86] generates optimal
code for arithmetic binary trees with minimal registers. We extend the Sethi-Ullman numbering to
multiple tensor buffers storing varying sizes of tensor variables, and order the operands of each pii
node by decreasing tensor buffer requirement. We defer the extended numbering to Appendix B.
Fig. 13 (a) shows the topological ordering of the extracted pii graph annotated with circled numbers.

Quem Kgm Vi load_rm(n = 64, addri, = 0, addrey; = 0)
do[0:8K u8[8K] dO[8K:16K] u8[8K] dO[16K:24K u8[8K]
® v ® v ® v load_cm(n = 64, addr, = 8192, addryy = 64)
load_rmgg > load_cmgg 7 load_rmgg >
di[0:64]  bf16[64,64] dil64:128]  bf16[64,64] dil64:128]  bf16[64,64] gemm(addr; = 0,addr; = 64, addrgy = 0)
TN 2 o 20— softmax(n = 64, addr = 0)
d2[0:64] bf?:mA gemm mov(n = 64, addri, = 0,addroy; = 0)
[* 641 d2[0:64] bf16[64,64]
® softmaxeq 7 v load_rm(n = 64, addrj, = 16384, addry, = 64)
v mov,
d2[0:64] bﬂé[é:A,éA] 410:64] bﬂb[b?:(;zl] gemm(addrl =0,addr, = 64, addryy; = 0)
_ ’® movgy,? ® store :-m“-, mov(n = 64, addr;, = 0,addryy; = 0)
A0:64) T bA1el844]  /paiaan | uBIBK store_rm(n = 64, addrj, = 0, addryy,; = 24576)

(a) (b)
Fig. 13. (a) Extracted pii graph annotated with topological ordering (circled) [after Module 4] and assigned
tensor data slices (purple) [after Module 5]. (b) The compiled assembly code for Gokv [after Module 6].
Input tensors Q, K, V occupy relative HBM addresses 0, 8K, 16K (as determined by the XLA middle-end).

6.2 Module 5: Constraint Satisfaction Problem Generator

(i) N
a(d2li=1"

By this stage, we have a pii graph and a topological ordering of pii nodes 6 Next step is to

instantiate the addressing attributes f§ () of the pii nodes, i.e., allocate the intermediate and constant
tensors on the tensor buffers. We formulate a constraint satisfaction problem (CSP) by computing
the interference graph and incorporating addressing constraints of the tensor buffers.

The CSP is parameterized by TAIDL constructs (from §3.2) and consists of four components: (1)
instruction validity constraints (ey), (2) def-use edge constraints over the data slice addresses from
the address map hy, (3) HBM addressing constraints for the input and output tensors in the input
tiled kernel G, whose addresses the XLA middle-end pre-allocates, and (4) live range interference
constraints. The final CSP formulation is summarized in Fig. 14.

The final CSP is passed to an existing SAT-based CP solver library [39] to find a satisfying
solution over the addressing attributes (). Fig. 13 (a) shows the data slice addresses assigned to
pii nodes as determined by solving the constraint problem.

Implementation of Module 5. Let’s look at a concrete example of template-driven implementa-
tion (discussed in §4.3) of the parameterized algorithm of Module 5. It consists of a generic skeleton
(Fig. 15) with symbolic templates (Fig. 16) specialized at generation-time (Fig. 17). At compile time,
the CSP builder calls these specialized functions at each pii node.
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CSP; =

~-

(ep0 (@, 89 A (1,1 = 13) (B))

1l
N

CSP,

N =0, (59

V() , vy
N ; ; Gx;) (G G,) (G
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[0, NT], v is an input variable node,

live_range(i) = 4[0,b; —1], V' is a constant leaf node,
[a;, b; —

a;, b; — 1], V() is an intermediate node

¢ =1{(i.j) | d) =d) A live_range(i) N live_range(j) # 0}

CSP, = A disjoint (i, j)
(i.j)ed
CSP = CSP; A CSPy A CSP3; A CSPy
Fig. 14. Summary of the CSP formulation used in Module 5. Notations used: N is the number of pii nodes,
Ny is the number of input variables in the tiled kernel G, V(@) denotes node i, eg( is the instruction validity

constraint, ;) denotes the data slice address map, (Is(i), Ie(i)) are data slice addresses, g; is the topological
(0)
o)
buffer of node i, and disjoint(i, j) enforces non-overlapping slice addresses for nodes i and j.

number of node i, b; is the maximum topological number among uses of node i, d, ;. is the output tensor

1 void CSP1(const std::vector<INSTR*>& instructions) {

2 for (const auto& instr : instructions) {

3 solver.AddConstraint(instr->get_e());

4 solver.MakeEquality(instr->output->start_addr, instr->get_h@o().first);
5 solver.MakeEquality(instr->output->end_addr, instr->get_ho().second);
6 1}
73

Fig. 15. Snippet of Generic implementation of Module 5 using abstract C++ class INSTR for ISA construct 0
with pure virtual functions get_ho() and get_e() representing ISA constructs héo) and eg respectively,

1 class INSTR_<<str instr.name>> : protected INSTR { ... }

2 std::pair<IntExpr*, IntExprx> INSTR_<<str instr.name>>::get_h0() override {

3 return {<<ortools::IntExpr* instr.output.start>>, MAKE_SUM(<<ortools::IntExprx
instr.output.start>>, <<int64 instr.output.len>>)};

4}
Fig. 16. Symbolic Template for ISA construct h[(;)).
class INSTR_load_rm : protected INSTR { ... }

std::pair<IntExprx, IntExpr*> INSTR_load_rm::get_h0() override {
return {addr_out, MAKE_SUM(addr_out, n)};

B W N e

i
(0)

load_rm

Fig. 17. Specialized Template for h generated by processing line 9 of Fig. 6.

6.3 Module 6: Code Emitter

The final module sequentially emits the sorted pii nodes with their solved addressing attributes and
discarding identity instructions (no-ops). Fig. 13 (b) shows the emitted assembly code for Gokv .
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6.4 Intra-phase Fallback Mechanism

The depth-first topological ordering generated by the heuristic-based algorithm (§6.1) is not suf-
ficient for the completeness of Phase 2. We prove this using a counterexample in Appendix B.
The tensor accelerator instructions and the identity instructions (slice” & concat™) often have
stricter constraints (eg) on the data slice addresses than what classical register allocation algorithms
support. Theoretically, we need to search through all topological orderings for completeness.

Pruning technique. We observe that CSP, is monotonic w.r.t. the interference graph, i.e.,
$1 C ¢o = =CSPy(¢h1) = —CSP4(¢p) = —CSP(¢;) — —CSP(¢2). Therefore, we discard
any topological ordering with a sub-interference graph of a previously failed topological ordering.
This reduces the exponential search space of topological orderings to a small number of unique
interference graphs, which is tractable to search through if the heuristic-based ordering fails.
Exhaustively searching these topological orderings guarantees the completeness of Phase 2.

7 Code Generation with Cost Models

In the previous sections, we have discussed the core algorithm of ACT with fallback mechanisms
that guarantee completeness, i.e., find an equivalent assembly code if one exists. We observe that
the first equivalent assembly code may not be performant enough. Therefore, we designed a code
generator with a simple enumeration pipeline using cost models to generate performant code.

1 def codegen(G, n=2): 1 def act_enum(G) :

2 # (asm, cost, enumeration time) 2 egraph = init(G); # Modulel
3 final = (None, inf, 0) 3 while not egraph.saturated: # §5.4

4 for asm in act_enum(G): 4 egraph = egraph.applier(k) # Module2
5 # Compare candidate asm 5 piis = egraph.extract(I'(k)) # Module3
6 time = now() 6 for pii in piis: # §4.1

7 cost = cost_model (asm) 7 schedules = topo(pii); # Module4
8 if cost < final.cost: 8 for schd in schedules: # §6.4

9 # Select candidate asm 9 csp = csp_gen(schd); # Module5
10 final = (asm, cost, time) 10 sol = solve(csp) # CSP Solver
11 elif time > n * final.time: 11 if sol.SAT:

12 # Termination heuristic 12 asm = emit(pii, sol) # Module6
13 return final 13 yield asm # Enumerate
(a) Candidate selection using (b) Candidate enumeration function using
performance cost model ACT-generated compiler backend

Fig. 18. Pseudocode for code generator using cost models to generate performant code

The code generator (Fig. 18) uses ACT-generated compiler backend as an enumerator to generate
multiple equivalent assembly candidates. A simple candidate selection loop iterates through these
candidates and selects the final assembly code with the least cost using a performance cost model.

Candidate enumeration. Fig. 18 (b) shows the pseudocode of the enumerator function based on
the ACT algorithm (described in Fig. 7) with yield statement! at line 13. The fallback mechanisms
(lines 3, 6, 8) give control back to the previous module. This allows the compiler backend to continue
after a successful compilation and repeatedly yield equivalent assembly code.

Candidate selection. Fig. 18 (a) shows the code generator that iterates through the candidate as-
sembly codes (line 4) enumerated by the ACT-generated compiler backend (Fig. 18 (b)). Performance
statistics of these candidates are collected (line 7), and the candidate with the best performance
(least execution cost) is selected (line 8) as the final assembly code.

Termination heuristic. We design a termination heuristic that stops the enumeration if the
performance of the enumerated candidates doesn’t improve for a considerable time (Fig. 18 (a)
line 11). Such a heuristic is required since there are, theoretically, infinite equivalent assembly
code candidates with redundant load-store pairs. However, redundant data movement makes such

Thttps://docs.python.org/3/reference/expressions.html#yield-expressions
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candidates longer than ideal and less performant. The first phase prioritizes shorter assembly
codes (§5.4), and thus, such candidates are likely to be enumerated after their ideal counterparts.
Therefore, we expect the performance to saturate after the ideal candidates are enumerated. In §38.5,
we show that the code generators match the performance of state-of-the-art kernel libraries like
the oneDNN library [49], with the observed compilation time less than 100 ms.

Choice of Cost Model. Performance statistics can be collected using different fidelity cost mod-
els, including cycle-accurate simulators [87], analytical models [73], and learned cost models [65].
Note that the enumeration pipeline and the ACT algorithm are agnostic to the choice of cost model.

8 Evaluation

We performed three sets of evaluations to demonstrate the effectiveness of ACT.

e Supported Accelerators (§8.2): We generated seven compiler backends for diverse tensor
accelerator designs from industry and academia, demonstrating generality of our approach.

e Comparative Evaluations (§8.3-§8.6): We evaluated (a) the compilation coverage of ACT-
generated compiler backends and (b) performance of their compiled code, against existing
accelerator-specific backends and expert-written kernel libraries for tensor accelerators.

e Compilation Time Analysis (§8.7): We performed breakdown analyses of the compilation
time for varying tiled kernel sizes from synthetic and real-world workloads.

8.1 Implementation

We used egg [99] for equality saturation (§5) and Google OR-Tools [39] for solving CSPs (§6). ACT
is implemented as a generic compiler backend (1.9 KLOC of C++ & 6.7 KLOC of Rust), symbolic
ISA templates (64 LOC of C++ & 68 LOC of Rust), and a template specializer (1.7 KLOC of Python).
The ISA descriptions are parsed by the ANTLR-based TAIDL front-end [50], which we reuse.

8.2 Supported Accelerators

TAIDL [50] provides ISA descriptions for diverse accelerator designs from industry [46, 55, 81] and
academia [36, 55, 92]. We extend these TAIDL descriptions by annotating the instruction attributes
as computational (&) or addressing () — a one-line change to the 10-15 lines of the original
TAIDL descriptions for each instruction (e.g., line 7 of Fig. 6). Including the running example Hpgy
implemented using Allo [14], we have a total of seven accelerators tabulated in Table 3.

We use ACT to generate compiler backends for these seven accelerators, showing generality of
our approach. Since ACT’s compilation algorithm is parameterized by TAIDL constructs, it handles
diverse design features of these accelerators with no changes to the core compilation algorithm.

et i8 [64]

— — \8[15,2(;(,)64] |8[1S‘r1cs‘164] 15 ‘.-»_,i' PEaS } } }
Tensor Existing | Existing ACT J N
. === [T
Accelerator Backend | Library | Backend ] [
AWS Trainium [81] v v v - "anspjsem l
Intel AMX [46] Ve v V4 usu‘e 64 | is[16.416] // :
Google TPUv1 [55] X X v convert reshape l
.. i32[16,64] i8[64,16]
Gemmini [36] X v v 1 v -
FEATHER [92] X X v Soti 2 ool l i8[1,16,64]
EVA [103] X X / i32[16,16] i32[64,16] 1 l
HQKV X X 4 18[11:‘;‘:4] 1 ;15.';: Z:] \a[la ?:54]
Table 3. The seven tensor accelerators supported by ACT. Fig. 19. Highlighted region shows the lay-
X refers to the absence of publicly available accelerator-specific out transformation applied to tile register
compiler backends or expert-written kernel libraries. src in Intel AMX instruction tdpbusd.
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We list the notable design features below.
(1) AWS Trainium [81] includes two on-chip scratchpads with 2-dimensional memory [85],
organized in 128 partitions. AWS provides a virtual ISA, AWS NKI [83], to program Trainium.
(2) Intel AMX [46] includes 2-dimensional registers (tiles) and supports instructions with
complex layout transformations like tdpbusd (visualized in Fig. 19), which are semantically
modeled in TAIDL as a series of reshape and transpose operators (purple region).
(3) Google TPUv1 [55] supports instructions with variable-sized inputs (Bx256).
(4) Gemmini [36] supports instructions to reconfigure dataflow (output vs weight-stationary).
(5) FEATHER [92] supports instructions to reconfigure input data layouts.
(6) EVA [103] is a CGRA-based accelerator with evolvable ISA and 3-dimensional addressing.
(7) Hgky is implemented using an accelerator design language (ADL), Allo [14].
Execution of Compiled Assembly Code
Revisiting §3.1, we discussed that ACT-generated compiler backends emit code in the form of a
sequence of TAIDL instructions, which are then stitched together with control flow for tiling into a
single stitched IR. This stitched IR includes MLIR dialects [59] such as scf and arith.
Depending on the host-accelerator interface, the stitched IR is compiled and deployed differently.
(i) For built-in accelerators such as Intel AMX [46] and Gemmini [36], the stitched IR is compiled
into an executable using the host CPU’s code generation (e.g., x86 backend). In this case, the scf. for
construct is compiled to the host’s control flow instructions (e.g., branch and jump instructions).
(ii) For dedicated accelerators such as AWS Trainium [81] and FEATHER [92], the stitched IR is
translated to the accelerator’s kernel programming interface (e.g., AWS Neuron Kernel Interface
(NKI) [83] for AWS Trainium [81]). In this case, the scf. for construct is directly mapped to the
kernel programming interface’s control flow constructs (e.g., for loop construct in AWS NKI [84]).
This mapping is automatically inferred from the TAIDL description of the accelerator’s loop
construct. The stitching implementation is otherwise generic across accelerators.
Note that regardless of the host-accelerator interface, ACT-generated compiler backends focus
on tiled kernels in XLA-HLO IR and emit assembly code as per the ISA description in TAIDL.

8.3 Comparative Evaluations

Out of the seven tensor accelerators supported by ACT, only three have a publicly available
accelerator-specific compiler backend or expert-written kernel library for comparative evaluations.
o AWS Trainium (§8.4): ACT-generated backend (ACT-NKI) vs. neuronx-cc [82] (backend)
e Intel AMX (§8.5): ACT-generated backend (ACT-AMX) vs. oneDNN library [49]
e Gemmini (§8.6): ACT-generated backend (ACT-Gemmini) vs. Exo [45] and SW library [37]

- neuronx-cc (459 kernels) £, 0] ™ ACT-NKI vs neuronx-cc
250 242 ACT-NKI (1055 kernels) N ACT-AMX vs oneDNN Library
220 mmm ACT-Gemmini vs Exo Library
200 ; s M ACT-Gemmini vs Gemmini SW Library 1.46x
2 162 165 3
£ 150 3 1.10x
£
5 119 123 10 1.00x 1.00x
x
-
N
5100 87 81 84 81
66
0.5
50 39 39
6
0.0
ResNet Inception Object Other Vision BERT Transformer Other ML AWS Trainium Intel AMX Gemmini Gemmini
Variants ~ Variants  Detection  Models  Variants  Variants  Workloads (neuronx-cc)  (oneDNN lib) (Exo lib) (SW lib)
TPUGraphs Workload Category Accelerator (Baseline)
(a) Compilation Coverage Analysis for AWS NKI (b) Performance Evaluation of Compiled Code

Fig. 20. Summary of comparative evaluations. (a) Number of TPUGraphs kernels correctly compiled by
ACT-NKI and neuronx-cc, grouped by workload category. (b) Geomean speedup of the compiled code by
ACT-generated compiler backends against their corresponding baselines.

Proc. ACM Program. Lang., Vol. 10, No. OOPSLAZ2, Article 325. Publication date: October 2026.



325:20 Jain et al.

Here, we present the notable results with detailed analyses for each accelerator in §8.4-§8.6.

(a) Compilation Coverage
Fig. 20 (a) shows the number of tiled kernels in TPUGraphs [75] Tile dataset that can be compiled
to AWS NKI by ACT-NKI and AWS’s compiler neuronx-cc. More details are in §8.4.

Number of kernels that (i) are successfully compiled to AWS NKI and
Compilation (ii) the compiled NKI code is functionally correct (randomized testing)

Coverage Total number of tiled kernels in the benchmark suite (= 1055)

TPUGraphs kernels are only compatible with AWS Trainium since Google TPUv3 (the original
target for TPUGraphs) and AWS Trainium have similar compute capabilities and the same tiling
factor (128). Such an extensive dataset of tiled kernels doesn’t exist for Intel AMX and Gemmini.
Thus, the compilation coverage study is limited to AWS Trainium.

ACT-NKI achieves 2.3x better compilation coverage for AWS NKI than neuronx-cc.

(b) Performance of Compiled Code
Fig. 20 (b) summarizes the geomean speedup of the assembly code compiled by ACT-generated
compiler backends against their respective baselines [37, 45, 49, 82]. More details are in §8.4-§8.6.

ACT-generated compiler backends generate performant assembly code that matches or
outperforms commercial compiler backends and expert-written kernel libraries.

8.4 Comparative Evaluations: AWS Trainium [81]

We evaluate ACT-NKI against AWS’s production compiler neuronx-cc.

Benchmarks
The TPUGraphs [75] Tile dataset is a benchmark suite of tiled kernels generated by Google’s TPUv3
compiler from real-world ML workloads.

Evaluation Methodology
We use AWS’s compiler neuronx-cc [82] with —print-nki flag to emit AWS NKI code for the
benchmark kernels. We evaluate correctness and performance on an AWS EC2 instance of trn1.

Results
Fig. 20 (a) shows that ACT-NKI achieves 2.3x better compilation coverage than neuronx-cc. Since
ACT-NKI has the completeness property, it correctly compiles all 1055 benchmark kernels.

For kernels compiled by both, we observe identical performance, i.e., speedup of 1x. Note that
achieving identical performance is a positive result in itself since neuronx-cc is a production
compiler, whereas ACT-NKI is automatically generated by ACT from just the TAIDL description.

Observations & Analysis
The three main reasons for the difference in compilation coverage are:

(i) ACT-NKI transforms operators not directly supported in AWS NKI like shift-left using

IR-to-IR rewrites (R in §2.1) during equality-saturation-based instruction selection (§5.2).

(if) neuronx-cc doesn’t support certain single-node tiled kernels, leading to empty NKI code.

(iii) ACT-NKI detects and allocates compile-time constant tensors (§5.3), unlike neuronx-cc,
which fails to initialize constants, leading to unsound assembly code (fails correctness tests).

We reported these results to the AWS Trainium team, who have acknowledged these issues with
neuronx-cc. Furthermore, AWS has adopted our tooling, showing the practical impact of our work.

8.5 Comparative Evaluations: Intel AMX [46]

We evaluate ACT-AMX against the Intel oneDNN library, the state-of-the-art kernel library used
by production tensor compilers like XLA [20] and TorchInductor [4] to compile to Intel AMX.
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Benchmarks
The oneDNN library [49] consists of common DNN kernels heavily optimized for Intel x86 ISA,
including AMX. We selected five tiled kernels commonly observed in oneDNN examples [48],
also used in AMX-related evaluations in [50]. These kernels are broadly categorized into three
types: (i) only int8 matrix operations (cnn_inf_amx and rnn_inf_amx), (ii) only fp32 matrix oper-
ations (mem_format_avx and sgemm_avx), and (iii) a mixture of int8 and fp32 matrix operations
(cnn_inf_mix). Detailed statistics and visualization for these kernels are present in Appendix H.
ISA Description
The TAIDL description we used to generate ACT-AMX included 4 AMX-INTS instructions and 24
AVX512-FP32 instructions. Thus, it supports compilation to both AMX and AVX512.
Evaluation Methodology
The enumeration pipeline (§7) of ACT-AMX uses a simple analytical cost model based on individual
instruction costs. For fair comparison, ACT-AMX uses the same fixed tile size as the oneDNN
library. We evaluate correctness and performance on an Intel Xeon Gold 5415+ CPU.
Results
Final assembly codes by ACT-AMX match the performance of oneDNN library, i.e., speedup of 1x.
The int8 computations are mapped to AMX instructions by both ACT-AMX and oneDNN.
Observations & Analysis
The hand-optimized oneDNN assembly code is one of the candidates enumerated by ACT-AMX,
by virtue of ACT’s completeness guarantee. This candidate has the best performance, as per the
cost model, and thus selected as the final assembly code by ACT-AMX’s enumeration pipeline.
Similar to AWS NKI results, achieving identical performance is a positive result since oneDNN is
an expert-written kernel library with hand-written pattern-matching rules that perform complicated
IR legalization due to the complex layout transformations in the instruction semantics (see Fig. 19),
whereas ACT-AMX is automatically generated by ACT from just the TAIDL description.
ACT-AMX performs the same IR legalization using a sequence of IR-to-IR rewrites: 22 rewrites
over 6 iterations in Phase 1 for cnn_inf_amx, and 14 rewrites over 4 iterations for rnn_inf_amx.
This shows the importance of our design choice to integrate IR-to-IR rewrites with the instruction
selection phase of ACT (§5.2), with no hand-written accelerator-specific legalization rules.

8.6 Comparative Evaluations: Gemmini [36]

We evaluate ACT-Gemmini against the Exo library [45] and Gemmini SW library [37]

Baselines

Exo Library. Exo [45] is a kernel programming DSL based on an orthogonal paradigm of exocom-
pilation, i.e., the user writes both the input program and its schedule. This includes specifying tile
sizes (line 106 of 2), loop transformations (line 158 of 2), instruction selection (line 149 of %), and
buffer selection (line 207 of %). Exo developers have manually written hand-tuned schedules for six
shapes of GEMM targeting Gemmini. This is the state-of-the-art kernel library for these shapes.

Gemmini SW Library. The Gemmini architecture ships with a custom kernel library [37] hand-
optimized by Gemmini’s designers. The Gemmini SW library supports three common DNN kernels—
MAC: A X B+ C, GEMM: A X B, and ADD: A + B, where A, B, and D are i8 matrices.

Benchmarks

Exo Library. We selected the six shapes of GEMM (Fig. 21, left) with hand-tuned Exo schedules.

Gemmini SW Library. We selected 15 tiled kernels (Fig. 21, right) categorized into three classes—
(i) “supported”: three kernels directly supported by the Gemmini SW library (MAC, GEMM, ADD),
(ii) “composite”: nine compositions of GEMM (X) and ADD (+) (fusion of upto 3 library calls), and
(iil) “not supported”: three tensor operators not supported by the library (broadcast, reverse, reduce).

Zhttps://github.com/exo-lang/exo/blob/v1.0.0/src/exo/platforms/gemmini.py
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ISA Description
The TAIDL description we used to generate ACT-Gemmini included 11 RISC-type instructions for
Gemmini. Gemmini also includes experimental CISC-type instructions that use an on-chip FSM.
Here, we focus on the RISC-type instructions, with the rest discussed in Appendix G.
Evaluation Methodology
The enumeration pipeline (§7) of ACT-Gemmini uses a simple analytical cost model based on
individual instruction costs. The reported performance is measured using RTL simulations. Since
ACT focuses on backend passes, we delegate middle-end optimizations to XLA’s autotuner [76].
Against the Exo library, we let ACT-Gemmini search across tiling and loop fission factors. Against
the Gemmini SW library, we use a fixed tiling factor, same as the SW library.

6.88x

2.0 B ACT-Gemmini vs Exo Library 2.0 . ACT-Gemmini \}5 Gemmini SW Library not
2 2 supported 1.77x composite 1.69% 1.66x supported
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Fig. 21. Speedup of compiled code by ACT-Gemmini over Exo library (left) and Gemmini SW library (right).
Note that the “not supported” evaluation (right) is a cross-architecture comparison: these operators have no
Gemmini implementation in the SW library, so the baseline numbers were measured against the host CPU.

Results
Fig. 21 shows the speedup of compiled code by ACT-Gemmini over the expert-written kernel
libraries. ACT-Gemmini with XLA autotuning matches or outperforms the hand-tuned Exo library
with a speedup of up to 1.30x. ACT-Gemmini achieves speedups up to 1x, 1.77x, and 6.88x over
the Gemmini SW library for “supported”, “composite”, and “not supported” kernels, respectively.
For “not supported” kernels, the SW library has no Gemmini implementation, so this speedup is
measured against host (Gemmini’s Rocket CPU) execution — the practical cost of host fallback.
Observations & Analysis
Here, we summarize the key observations with individual kernels discussed in Appendix F & G.
Exo Library. ACT-Gemmini enumerates candidates with different tuning factors, including
Exo’s hand-tuned factors. Similar to §8.5, the hand-tuned baseline code is one of the enumerated
candidates, by virtue of ACT’s completeness guarantee. For three shapes, this candidate has the best
performance, as per the cost model, and thus selected as the final assembly code by ACT-Gemmini.
For other three shapes, candidates with better loop fission factors were selected by ACT-Gemmini.
Gemmini SW Library (“supported”). Similarly, we observed that the final assembly codes compiled
by ACT-Gemmini were the same as the Gemmini SW Library for the three “supported” kernels.
Gemmini SW Library (“composite”). ACT-Gemmini eliminates the redundant load-store instruc-
tions between library calls for “composite” kernels by storing the intermediates in the accelerator
scratchpads. This increases data reuse and reduces data movement, thus better performance. We
observed that speedup increases with the kernel size (# nodes). For GEMM (X), speedup goes from
1x (A X B) to 1.35x (A X B X C) to 1.66x (A X B X C X D). Likewise for ADD (+), 1x to 1.44x to 1.77x.
We limit our evaluations to a maximum of 3 library calls to avoid exaggerated performance results.
Gemmini SW Library (“not supported”). ACT-Gemmini is able to compile previously unsupported
tensor operators like reduce to Gemmini using IR-to-IR rewrites (§2.1) and compile-time constant
detection (§5.3). This leads to large speedups (up to 6.88x) over host execution fallback.
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8.7 Compilation Time Analysis

Next, we perform breakdown analyses of the compilation time of ACT-generated compiler backends
for varying tiled kernel sizes from synthetic and real-world workloads.

Tiled kernels typically contain 10-50 nodes, as seen in TPUGraphs dataset [75]. However, the
Gemmini kernels used in §8.6 were limited to at most 10 nodes since the baselines were kernel
libraries. Therefore, to analyze the compilation time of ACT-Gemmini on representative tiled
kernels, we generated 100 synthetic kernels (size 7-89 nodes) using NNSmith [61], a random DNN
generator (more details in Appendix E). We also analyze the compilation time of ACT-NKI for the
three largest TPUGraphs kernels, labeled as T1 (150 nodes), T2 (270 nodes), and T3 (390 nodes).

Evaluation methodology
The compilation time reported is final.time in Fig. 18 (a) and was measured on a 20-core Intel i7-
13700H CPU, averaged over 20 trials. This is the wall clock time of the entire compilation, including
all pii candidates, fallback re-attempts (§4.1), and the cost model loop (§7). ACT-Gemmini and
ACT-NKI were set to an overall timeout after 5 seconds, which was never reached (max ~500 ms).
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Fig. 22. Breakdown of compilation time. (a) ACT-Gemmini on synthetic kernels generated using NNSmith [61]
and (b) ACT-NKI on the three largest kernels in TPUGraphs [75] Tile dataset.

Results & Observations

Fig. 22 shows the breakdown of compilation time of ACT-Gemmini @
and ACT-NKI. We observed small compilation times (< 233 ms) for T ........... T ...... | matmuig
a wide range of kernel sizes and even for large kernel sizes (529 ms ~ matmul8 mvout_spad

for 390 nodes). The main reasons for the small compilation time are: )

mvin_spad

. . . . ; ;ﬁlatmul8
e Compact representation of infinite equivalent assembly code mvout_spad
by modeling instruction selection as an equality saturation \, myo mvin_spad
; mvout_spad

problem. Fig. 23 shows a simple snippet of an e-graph with
cycles representing infinite equivalent assembly code. :

e Bounded approach of graph extraction (in §5.4) prioritizes Fig- 23 Snippet of e—graph
shorter assembly code, thereby enumerating candidates with (left) with cycles between, mvin
no redundant data movement first. This leads to faster satura- and mv?uft. e.—classe.s. -:-hls rep”
tion of performance cost and shorter compilation times. (r;zents nfinite equivalent can-

- ; o X o idates (right), and the candi-

e Instruction scheduling heuristic (in §6.1) aims to minimize the .o with no redundant data
interference graph. This results in fewer constraints in the . ovement is enumerated first.
generated CSP and, thereby, results in short solver time, even
for large pii graphs (86 ms for 390 nodes).

ACT-generated compiler backends maintain low compilation overhead
for a wide range of tiled kernel sizes.
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9 Related Works

ISA description languages. VADL [33] and ILA [44] describe ISAs at the scalar level, using
constructs such as forall, fold, and explicit array indexing, and focus primarily on CPU ISAs.
TAIDL [50] instead describes instruction semantics at the tensor level (§3.2), and its tensor operators
and types can themselves be parameterized by instruction attributes. Together, these features enable
TAIDL to model the complex, parameterized instruction sets of tensor accelerators. We adopt TAIDL
since it already supports several existing accelerator platforms [14, 36, 46, 55, 81, 92, 103].

Vectorizer generators and synthesis-based compilation. Vectorizer generators such as
Vegen [18], Diospyros [93], and Isaria [90] target CPUs like x86 and DSPs like Hexagon HVX
with fixed-length vector instructions. Synthesis-based instruction selectors such as Hydride [56]
and Rake [2] also target fixed-width instructions, which are amenable to SMT-based reasoning.
Compared to these techniques that only focus on instruction selection, ACT generates the entire
compiler backend, including memory allocation for tensor accelerators. Furthermore, prior works
cannot directly handle the complex parameterized instructions present in tensor accelerator ISAs.

Automated compiler backend generation. Prior work on automated CPU backend genera-
tion includes declarative machine-description approaches [28], CEGIS-based instruction-selector
synthesis [10], processor-description-based generation [32], and LLM-based approaches [101].
OpenVADL [34, 74] generates TableGen-style LLVM backends from VADL [33], assuming little
semantic gap between VADL and LLVM IR and thus requiring no complex legalization. Another
related work in this area is a backend generator for the xADL processor-description language [8, 9],
which targets only scalar register-based CPU ISAs and leaves vector ISAs to future work. Tensor
accelerators instead have parameterized instructions, software-managed scratchpads, and layout-
transforming semantics (e.g., Intel AMX [46], Fig. 19) that require accelerator-specific legalization.
ACT therefore interleaves legalization with instruction selection in an e-graph rather than using a
pattern-based selector, which also avoids phase ordering (§2.4).

Compiler support for novel accelerators. 3LA [43] is a recent work that makes commendable
progress in developing basic compiler support by enabling simulation testing for end-to-end ML
workloads on novel hardware. However, it requires the user to provide tensor IR-to-accelerator IR
mapping for instruction selection and an accelerator IR-to-assembly code generation driver, and
does not model scratchpad reuses. In contrast, ACT focuses on automatically generating a compiler
backend just from the accelerator ISA description.

MLIR-based compiler stacks. MLIR [59] provides a multi-level compiler infrastructure with
extensible dialects, and many modern ML compilers are built around this ecosystem, including
the XLA compiler [20] that uses the StableHLO dialect [23]. MLIR ecosystem includes various
lowering passes at a machine-independent IR level such as memref bufferization (note that this
is different from the on-chip memory allocation discussed in §6), as well as hand-written target-
specific lowering passes [38, 42] for code generation. ACT is complementary to these efforts — it
focuses on automatically generating the accelerator-specific compiler backend itself (instruction
selection, scheduling, and on-chip tensor memory allocation), and these generated backends can be
integrated as a target-specific lowering pass in a larger MLIR-based pipeline.

Kernel programming languages like Exo [45], Pallas [40], Triton [91], and NKI [83] externalize
target-specific code generation to user code, simplifying accelerator programming. These languages
offer high-level constructs to program hardware, rather than directly coding in assembly, increasing
user productivity. Exo, in particular, offers an intuitive scheduling DSL for exploring optimizations.
However, these languages do not automatically generate compiler backends; instead, they rely on
users to manually write instructions and schedules, and require a device-specific code generator.
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Equality Saturation in Compilers. Prior works like Tensat [100], SPORES [98], Cranelift [31]
use equality saturation to optimize machine learning computation graphs, linear algebra, and Rust
functions, respectively. These works focus only on middle-end optimizations using IR-to-IR rewrites,
whereas ACT uses both IR-to-IR rewrites and auto-generated IR-to-ISA rewrites to concurrently
explore instruction selection opportunities. MISAAL [71] uses equality saturation to lower Halide
IR using synthesized rewrite rules, and LIAR [26] likewise applies synthesized rewrites to recognize
latent idioms in a functional array language. However, their rewrites carry no preconditions, and
thus can not model parameterized instructions prevalent in tensor accelerator ISAs [83] (§5.2).

E-graph extraction algorithms. Prior equality-saturation workflows typically perform one-
shot extraction using either greedy heuristics (the default strategy in egg [99]) or ILP-based
optimal extraction [98, 100], with SmoothE [11] recently relaxing the same one-shot problem into a
differentiable one. These methods are typically tied to a local objective integrated into the extraction
algorithm. In our setting, this is insufficient because a candidate pii graph selected in Phase 1 can
still fail in Phase 2 (as discussed in §4.1). Therefore, ACT uses an enumerative extraction algorithm
(§5.3) with inter-phase fallback ensuring all equivalent pii graphs are enumerated and remains
independent of any built-in cost objectives, allowing integration of external black-box cost models.

Instruction scheduling is the closest problem to the topological ordering discussed in §6.1. A
common technique for scheduling instructions for pipelined processors is list scheduling [68]. But
unlike our problem, these algorithms minimize the critical path length rather than the interference
graphs. The Sethi-Ullman algorithm [86] generates optimal code for arithmetic expressions using
minimal registers. Prior works have generalized this to 1-load binary DAGs [15] and non-binary
trees [5]. However, any depth-first traversal of the expression tree is not always optimal for more
than one register file (counterexample in Appendix B). We extend the Sethi-Ullman algorithm to
multiple multi-dimensional tensor buffers with a fallback pruning strategy (§6.4).

On-chip scratchpad and register allocation are the closest problems to the tensor memory
allocation discussed in §6.2. A widely adopted solution for register allocation is graph coloring [3]
over the interference graph, while the puzzle board model [79] handles registers of different sizes.
Unison [62, 63] formulates register allocation and instruction scheduling as a single combinato-
rial problem, and bit-aware register binding [12] admits a polynomial-time exact solution when
re-allocation is permitted. None of these, however, extend to our setting, since we pack multi-
dimensional tensor buffers into multi-dimensional scratchpads (§6.2) rather than one-dimensional
registers, and not all buffers are spillable [83]. On-chip scratchpad memory allocation is often
related to the rectangle packing problem, which can be modeled as a constraint satisfaction problem
(CSP), with improved scalability by pruning techniques proposed in meta-CSP [67], TelaMalloc [64],
and MiniMalloc [66]. However, these solutions only model interference graphs and, thus, can not
represent complex addressing constraints prevalent in tensor accelerator ISAs [83] and the identity
instructions (discussed in §5.2), both of which ACT encodes in its generated CSP.

10 Conclusion

In this paper, we propose the first accelerator compiler backend generator, ACT, that automatically
generates a sound and complete compiler backend from a tensor accelerator ISA description.
We provide a novel ISA-parameterized compilation algorithm and demonstrate the generality of
our approach by generating backends for seven tensor accelerators. These backends generate
performant code with large compilation coverage and small compilation times.

ACT fills an important gap in software development for accelerator platforms left under-explored
due to the lack of compiler backends targeting them. It provides an agile and evolvable methodology
to quickly build compiler backends that bridge the hardware and software communities.
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11 Data Availability Statement

Our artifact is a repository of code (10+ KLOC) written in C++, Rust, and Python that implements
ACT compatible with XLA-HLO IR. The artifact also includes benchmarks and docker environments
used for performance evaluation, fuzz testing, stress testing, and scripts to reproduce the plots.
Zenodo archive of the artifact is available at https://doi.org/10.5281/zenodo.21926082.

ACT is part of a larger open-source ecosystem, built around our ISA description language TAIDL,
that automatically generates essential software tools, such as test oracles and compiler backends,
from ISA descriptions of tensor accelerators. Our tooling has been adopted by multiple academic
and industry teams designing novel tensor accelerators. The ecosystem and its associated tutorials
are accessible at https://github.com/act-compiler/act; we welcome contributions and feedback.
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