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Abstract
Modern workloads demand computational capabilities that
general-purpose processors cannot efficiently provide. Ex-
tending these architectures with domain-specific instruc-
tions and hardware offers a practical solution. The open
RISC-V instruction-set architecture (ISA) significantly low-
ers the barrier to such customization. However, existing au-
tomated customization flows face two key limitations. First,
they typically operate on low-level intermediate represen-
tations, obscuring higher-level computation patterns and
thereby limiting both performance and reusability. Second,
they decouple instruction identification from microarchi-
tectural design, leading to suboptimal performance under
on-chip resource constraints. These issues become more pro-
nounced as instructions scale up and reusability becomes
more critical.
We present ScaleISA, an end-to-end framework for cus-

tomizing scalable instructions from domain applications.
The major insight of ScaleISA is combining MLIR and e-
graphs to identify reusable instructions at appropriate levels
of abstraction and performing joint microarchitectural explo-
ration. It introduces a dialect-agnostic encoding that brings
MLIR into e-graphs. Its core methodology, multi-level in-
struction identification (MLII), applies microarchitectural
transformations through e-graph rewrites, and then lever-
ages multi-level e-graph anti-unification (MLAU) to identify
reusable instruction candidates together with their microar-
chitectural implementations in a single unified search space.
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Final budget-aware e-graph extraction jointly chooses cus-
tom instructions and their microarchitectures. Evaluation
shows that ScaleISA achieves an average 1.42× (up to 2.87×)
speedup over the best baselines by performing multi-level
instruction identification.
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1 Introduction
The rapid growth of modern computing domains, includ-
ing large language model (LLM) [62] and point-cloud pro-
cessing [41], is placing unprecedented pressure on proces-
sor computation power. General-purpose processors remain
attractive for programmability, but their performance and
energy efficiency are often insufficient for these emerging
workloads. At the same time, fixed-function accelerators can
deliver high efficiency but sacrifice flexibility. Application-
specific instruction-set processors (ASIPs) occupy an im-
portant middle ground by retaining programmability while
extending the processor with custom instructions (CIs) tai-
lored to domain-specific computation. This design point has
motivated a long line of work [10, 11, 34, 36, 40, 54–57] on
automatic instruction-set customization and ASIP genera-
tion. More recently, ISAMORE [56] explores both instruction
reusability and data-level parallelism (DLP) through unified
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e-graph anti-unification [4], bringing automatic custom in-
struction generation closer to practical deployment.
At the same time, the custom instructions demanded by

modern workloads are no longer limited to small scalar id-
ioms. They increasingly resemble vector- or tensor-scale
operations with substantial data movement, parallelism, and
microarchitectural design freedom, as reflected by recent
work [6, 27, 43] on generated vectorization support for cus-
tomizable instruction sets and tensor-oriented extensions.
This shift exposes weaknesses in existing automatic instruc-
tion customization flows:
First, existing work is constrained by the intermediate
representation (IR) levels on which it operates. Prior cus-
tomization methods [10, 11, 40, 54, 55] largely operate on
low-level subgraphs or basic-block-local regions, which nat-
urally biases the discovered instructions toward scalar-level
idioms. When the target instructions become more scalable,
this low-level view becomes increasingly limited: the loss of
structured semantic information makes higher-level reusabil-
ity invisible. For example, ISAMORE [56] operates at an
LLVM-derived structured IR, which is low-level, and it strug-
gles to find larger reusable instructions that would be more
naturally visible at a higher level such as linalg.
Second, instruction identification does not adequately
account for microarchitectural diversity. Current flows
typically separate instruction identification from hardware
exploration. For example, Cayman [55] combines instruction
discoverywith hardware design-space exploration for vector-
level accelerators, but it fixes the instructions before explo-
ration and assigns each only its individually best implemen-
tation. This sequential approach misses globally better trade-
offs because microarchitectural choices (e.g., tiling) can cre-
ate new reuse opportunities through shared hardware com-
ponents that are invisible if the instruction is fixed before-
hand. More broadly, there has been substantial progress [7,
14, 38, 42, 52, 53] on automatic hardware generation and
pragma-level high-level synthesis (HLS) exploration, but
these advances are typically applied after the target compu-
tation has already been fixed, leaving ASIP performance on
the table under realistic area and power budgets.
These observations suggest a natural insight to address

both weaknesses together. Modern compiler flows such as
Triton [44] and XLA [33] and HLS frameworks such as HEC-
TOR [58] and Dynamatic [24] already meet on MLIR [26]:
dialects preserve the high-level semantic structure needed
to expose scalable instruction patterns, while many opti-
mization techniques (e.g., algebraic optimizations, loop un-
rolling) are shared between software compilation and hard-
ware synthesis. By reifying multi-level transformations as
non-destructive e-graph rewrites, we can explore microar-
chitectural implementations and expose semantically equiv-
alent patterns for reusability-aware instruction customiza-
tion simultaneously. This joint identification addresses both
challenges: it exposes scalable instruction candidates at the

levels where structural semantics remain visible, and it lets
instruction identification and microarchitectural exploration
proceed together rather than as separate phases.

ScaleISA follows this insightwith the framework ofmulti-
level instruction identification (MLII). By integrating MLIR
into e-graphs, ScaleISA performs multi-level microarchitec-
tural transformations as rewrites and then applies multi-level
e-graph anti-unification (MLAU) to identify reusable instruc-
tion candidates together with their microarchitectural imple-
mentations. It then uses e-graph extraction to jointly choose
the final instruction set together with the corresponding
microarchitectures. In this way, ScaleISA scales automatic
instruction customization to modern workloads with more
hardware sharing opportunities and better end-to-end per-
formance.

Prior works [4, 55, 56] on automatic instruction customiza-
tion operate on a single low-level IR and explore microarchi-
tectures only after instruction candidates are fixed. ScaleISA
advances the state of the art by identifying reusable instruc-
tions at multiple abstraction levels and by exploring multiple
microarchitectural implementation choices during instruc-
tion identification. This is enabled by our unified MLIR and
e-graph integration, microarchitectural transformations as
non-destructive e-graph rewrites, and MLAU, which performs
instruction identification at multiple IR levels. ScaleISA
thereby identifies more instructions with better performance
and reusability.

This work offers the following contributions:
• ScaleISA performs multi-level instruction identification
via e-graph anti-unification and MLIR integration, en-
abling efficient identification of scalable instructions with
multi-level reusability.

• ScaleISA formulates custom instruction identification
and microarchitectural exploration as one joint optimiza-
tion problem, where microarchitectural transformations
are explored as e-graph rewrites to expose better tradeoffs
and microarchitecture-aware reusability.

• ScaleISA provides an open-source1, automated, and end-
to-end framework that combines microarchitectural ex-
ploration, reusable instruction identification, and budget-
aware instruction selection for scalable ISA customization.
We evaluate ScaleISA against ISAMORE [56], NOVIA [45],

and Cayman [55] on GTSAM [13], PCL [41], and Torch-
Bench [20], using HECTOR [58] and OpenROAD-based hard-
ware evaluation. At default area budgets, ScaleISA achieves
a 5.73× geometric-mean speedup over the CPU baseline and
an average 1.42× speedup over the strongest baselines se-
lected per case. As the area budget grows, ScaleISA moves
beyond the tight-budget regime where scalar reuse domi-
nates and increasingly outperforms prior work by exploit-
ing larger loop- and vector-level instructions with better
performance-area tradeoffs. This high-level capability also
1https://github.com/pku-liang/aps-mlir/

https://github.com/pku-liang/aps-mlir/
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Table 1. Comparison of instruction customization flows.

Work Source Scale Reuse µArch

NOVIA [45] LLVM Scalar Syntax No
CIDRE [40] Assembly Scalar Syntax Limited
Cayman [55] LLVM* Scalar, loop Partial Yes
ISAMORE [56] LLVM* Scalar, loop Semantic No
ScaleISA
(this work) High-level MLIR Flexible Multi-level

Semantic Yes

LLVM* denotes IRs derived from the LLVM IR.

carries into our Allo [5] case study, where selecting instruc-
tions at the affine level enables more advanced optimiza-
tions. The ScaleISA-Allo flow achieves speedups of 13.7×
on MobileNet [23] and 24.4× on ResNet-50 [21] compared
to the hardware generated by ScaleISA’s default HECTOR
flow. These results show that ScaleISA makes scalable ISA
customization practical by identifying larger reusable in-
structions, jointly exploring their implementations, and pre-
serving high-level structure when it unlocks further acceler-
ation.

2 Background and Motivation
ASIPs extend general processors with domain-specific in-
structions that accelerate critical kernels without fully aban-
doning software flexibility. This design point has become
increasingly attractive as open instruction-set architectures
(ISAs) such as RISC-V make custom extension support more
accessible to architects and system designers. These oppor-
tunities have motivated increasing efforts on automatic ISA
customization.

2.1 Automatic Instruction Customization
Traditional ASIP design flows rely heavily on manual effort.
Designers must inspect applications, decide which custom
instructions are worth adding, describe those instructions
using Register Transfer Language (RTL), and integrate the
extensions into the processor and software stack. This work-
flow is time-consuming and requires substantial expertise
on both the application and hardware sides.

To reduce this burden, one line of work [22, 34, 36, 57, 63]
provides instruction description languages and toolchains
that can automatically generate hardware and integrate new
instructions into a processor once the target extension is
known. These systems substantially accelerate instruction
customization and processor integration, but the instructions
themselves still need to be designed manually.
Table 1 summarizes another line of work, which focuses

on automatic ISA customization itself. Early fine-grained
and coarse-grained work [10, 11, 15, 17, 18, 39, 54], such as
NOVIA [45], generally performs instruction identification
on relatively low-level source representations, such as LLVM
IR [25], and therefore mainly finds only scalar instructions.
CIDRE [40] pushes this direction down to RISC-V assembly
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Figure 1. Example of e-graph construction and equality
saturation.

and also targets scalar instructions. More recent systems
move to structured LLVM-derived IRs. ISAMORE [56] uses
e-graph anti-unification to make reusable instruction finding
practical and uses packing-based vectorization, while Cay-
man [55] can target larger loop-level instructions. However,
these flows still rely on relatively low-level program views
and may lose opportunities for identifying more complex
instructions. As instruction scale grows from scalar-level to
vector-level and tensor-level operations, low-level IRs be-
come a less suitable source level for pattern identification
because the structure needed to expose those instructions
has already been removed during the lowering phases.

2.2 E-Graph Anti-Unification for Instruction
Customization

E-graphs [51] compactly represent many equivalent pro-
gram fragments without forcing one canonical form. Figure 1
shows this process on two expressions, 𝑎 × 𝑏 + 𝑏 × 𝑐 and
(𝑚 + 𝑛) × 𝑘 . Starting from the initial terms in Figure 1(a),
equality saturation applies semantics-preserving rewrites
such as 𝑥 × 𝑧 + 𝑦 × 𝑧 → (𝑥 + 𝑦) × 𝑧. The resulting saturated
e-graph in Figure 1(b) therefore keeps both the original and
rewritten forms alive in shared e-classes instead of commit-
ting to one choice.

Anti-unification (AU) [37] computes the least general pat-
tern of two terms. It subsumes both terms by keeping their
common structure and abstracting the differences into vari-
ables. For example, AU of the two terms 1 + 1 and 2 + 1
yields the pattern ?𝑥 + 1, where ?𝑥 is a variable that can be
instantiated to any value. E-graph AU [4] extends AU from
single terms to e-graphs, and can be formulated as follows:

E-class AU AU(ec1, ec2 ) =
⋃

en1∈𝑀 (ec1 ), en2∈𝑀 (ec2 )
AU(en1, en2 )

E-node AU AU(𝑜1 (ec1,1, . . . , ec1,𝑘 ), 𝑜2 (ec2,1, . . . , ec2,𝑙 ) )

=

{
{𝑜1 (𝑝1, . . . , 𝑝𝑘 ) | 𝑝𝑖 ∈ AU(ec1,𝑖 , ec2,𝑖 ) }, 𝑜1 = 𝑜2

?𝑥, 𝑜1 ≠ 𝑜2

In the formulation,𝑀 (ec1) denotes the member e-nodes
of e-class ec1, 𝑜 denotes an operator, and ?𝑥 denotes a new
variable. AU between two e-classes ec1 and ec2 considers
pairs of member e-nodes from𝑀 (ec1) and𝑀 (ec2), keeps a
common operator when the paired e-nodes match, and intro-
duces a new variable when they do not. We call this standard
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Figure 2. E-graph anti-unification on flat and structured IR.
(a) On flat IR, AU over the e-classes ec1 and ec2 extracts a
pure data-flow pattern. (b) On structured IR, abstracting a
mismatch inside a loop body into a variable yields an illegal
pattern.

formulation vanilla e-graph AU. Because the e-graph keeps
all semantically equivalent variants alive, e-graph AU can
identify patterns that are semantically reusable across the
program, which makes it a natural fit for instruction cus-
tomization [56]. For example, Figure 2(a) applies AU over
the e-classes ec1 and ec2, extracting the pure data-flow pat-
tern (?𝑥+?𝑦)∗?𝑧. Such a pattern can be lifted into a custom
instruction (CI) that the program calls directly. However,
the way vanilla e-graph AU generates variables is not al-
ways correct on structured IRs. Figure 2(b) shows two loops
performing element-wise vector add and multiply. Vanilla
e-graph AU over ec3 and ec4 returns a vector element-wise
store as the common pattern, because the store is the only
structure the two loops share. Instantiating this pattern as a
CI breaks the loop’s integrity: the loads and the element-wise
operations not included in the CI are left dangling, producing
an illegal program. Such failures occur frequently when e-
graph AU runs on structured IR, limiting the scale of patterns
that can be identified as CIs and calling for new methods for
customizing scalable instructions.

2.3 Scaling to Larger Instructions
Besides the failure of vanilla e-graph AU on structured IR
discussed in Section 2.2, scaling instruction customization
to larger instructions faces two more challenges:
Challenge A: larger reusable patterns are often visible only
in higher-level IRs where vector, tensor, or structured control
semantics have not yet been lowered away.
Challenge B: larger instructions admit richer microarchi-
tecture choices, so instruction identification can no longer be
cleanly separated from design-space exploration.

Figure 3 illustrates why larger instructions require both
higher-level IR and microarchitectural awareness. Figure 3(a)
shows two loops whose bounds differ and whose bodies have
the same semantics up to a reordering of independent state-
ments. As shown in Figure 3(b), in ISAMORE, these loops
are encoded to an LLVM-derived DSL as a dowhile skele-
ton with threaded memory-state dependencies that preserve
the order of effectful operations. This representation makes
AU fragile: even a small change in statement order changes
the state-thread structure which is hard to recover. For this
case, the different statement orderings lead to different state-
thread structures, causing AU mismatches that introduce
variables; as a result, an incomplete loop is identified by AU
and cannot be actually used in practice. Furthermore, the
standard dowhile form also makes loop-level equivalence
transformations awkward because the loop bound is buried
in the low-level predicate term. For example, loop tiling or
unrolling rewrites are difficult to apply in this representation
due to the challenges in analysis.

As instruction scale grows, the microarchitectural design
space also grows quickly. A loop-level instruction with one
fixed implementation is often not very useful; the practical
speedup depends on whether the loop can be pipelined, un-
rolled, or otherwise reorganized into an efficient hardware
structure for parallel execution. Cayman [55] provides a use-
ful contrast here. For the example in Figure 3(c), a Cayman-
style flow could still identify both loops as accelerator can-
didates and automatically choose hardware optimizations
such as loop unrolling and pipelining for each one. Cay-
man could also use syntactic merging to merge the two loop
bodies. However, this still leaves three limitations. First, syn-
tactic merging introduces extra multiplexers to reconcile the
merged bodies. Second, Cayman can merge the DFGs of the
loop bodies but not the control flows, namely the loop FSMs
in the figure, which have microarchitectural reuse potential
by loop tiling. Third, Cayman commits each accelerator to
one fixed, performance-optimal optimization setting, which
can miss useful performance-area tradeoffs.

2.4 Unifying Abstractions in MLIR
MLIR [26] is a multi-level compiler infrastructure organized
around dialects and staged lowering. In recent years, a sub-
stantial body of compiler research has been built on MLIR,
including machine learning compilers such as Triton [44]
and XLA [33], accelerator-oriented compiler frameworks
such as SNAX-MLIR [46], and high-level synthesis (HLS)
frameworks such as HECTOR [58], Dynamatic [24], and su-
peroptimizers like SEER [7].

MLIR organizes compilation as a multi-level IR composed
of dialects, providing a principled basis for performing anal-
ysis and transformations at the abstraction levels where the
relevant program structure and semantics are explicit. This
property is essential for solving Challenge A in Section 2.3,
where instruction identification should be conducted at the
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(b) ISAMORE AU failure (c) Cayman syntactically merging

Loop A

for (i = 0; i < 8; i++) {
  t0 = A[i] + B[i];
  t1 = C[i] * D[i];
  E[i] = t0 + t1;
}

Loop B

for (i = 0; i < 32; i++) {
  t1 = C[i] * D[i];
  t0 = A[i] + B[i];
  E[i] = t1 + t0;
}

E-graph of loop A

State-thread order mismatch

E-graph of loop B

(a) Loops with different bounds
and statement orders but

semantically identical bodies

ST

LD

ADD

ADD MUL

LD LD LD

FSM
Loop A

Controller

FSM
Loop A

Branch

Costly MUXs

FSMs cannot
be merged

dowhile

args tuple(pred, i1, ..., E, s5)

state: s0 -> ld_a -> s1
-> ld_b -> s2 -> ld_c -
> s3 -> ld_d -> ...

dowhile

args tuple(pred, i1, ..., E, s5)

state: s0 -> ld_c -> s1
-> ld_d -> s2 -> ld_a -
> s3 -> ld_b -> ...

ST

LD

ADD

ADD MUL

LD LD LD

FSM Loop A

ST

LD

ADD

MUL ADD

LD LD LD

FSM Loop B

Figure 3. Failure in identifying reusable loop instructions at low-level IRs without microarchitectural awareness.

EqSat

MLIR to e-graph      

MLAU    HLS pragmas

StructuralAlgebraic

μArch
transformations

§4§5.1

§5.2

PyTorchC/C++
Input program

HLS

E-graph extraction

CI selection
CI candidates

Selected CIs

§6

Hardware

MLII stages

linalg affine scf

Figure 4. Overview of ScaleISA. C/C++ programs skip the
linalg stage.

levels where such patterns naturally emerge. This observa-
tion naturally forms the central insight behind ScaleISA: by
integrating MLIR with e-graph AU, we systematically iden-
tify reusable and scalable custom instructions at appropriate
abstraction levels. Although prior works such as SEER [7],
DialEgg [60], HEC [59], and the eqsat dialect [30, 31] have
explored integrating MLIR with e-graph-based optimization,
they do not investigate this combination in the context of
instruction customization. Moreover, this formulation nat-
urally unifies instruction identification with microarchitec-
tural exploration. Microarchitectural optimizations can be
expressed as transformations across different IR levels and en-
coded as rewrite rules within the e-graph, enabling their co-
exploration during e-graph-based instruction identification and
thereby solving Challenge B. As a result, building ScaleISA
upon MLIR not only exposes semantically reusable instruc-
tions across multiple program abstractions, but also captures
microarchitectural optimization opportunities, leading to
improved performance-area tradeoffs.

3 Framework Overview
Figure 4 illustrates the end-to-end ScaleISA flow. Starting
from a program written in PyTorch or C/C++, ScaleISA pro-
gressively lowers it into MLIR at multiple abstraction levels.

Each abstraction level is one identification stage targeting a
different instruction granularity: operator-level instructions
are most naturally exposed in linalg, loop-level instruc-
tions in affine, and scalar data-flow-level instructions in
scf.

ScaleISA identifies instructions one stage at a time, encod-
ing only the current stage’s MLIR into an e-graph through
the ScaleISA DSL (Section 4). ScaleISA does not explic-
itly preserve any cross-dialect information, such as rewrite-
introduced e-nodes or identified CI candidates in prior stages.
Each stage is independent and starts from a fresh e-graph
containing only information from the current level.

At each stage, ScaleISA applies microarchitectural trans-
formations as rewrites with equality saturation (Section 5.1).
Then MLAU identifies reusable instruction candidates with
both semantics andmicroarchitectural implementations (Sec-
tion 5.2). After all stages, ScaleISA lowers every candidate
to an scf left-hand-side pattern and applies them as rewrite
rules in one unified scf e-graph of the original program,
where software execution and all candidates compete re-
gardless of their identification level. Budget-aware e-graph
extraction then selects the latency-optimal expression under
the area budget (Section 6). The instructions that remain de-
termine the final instruction set and their microarchitectures.
By default, ScaleISA uses HLS to generate the hardware. All
the steps mentioned above are automatic.
Compared with state-of-the-art approaches [4, 55, 56],

ScaleISA’s multi-level stages identify more complex instruc-
tions at higher abstraction levels. Representing microarchi-
tectural transformations as rewrites allows ScaleISA to opti-
mize hardware implementations before fixing the instruction
set, which leads to better performance.
End-to-end running example. We use the fully connected
layer of ResNet-50 as the running example as shown in Fig-
ure 5, which is the final classifier of the network. It multiplies
the pooled feature vector by the transposed weight matrix
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Torch-MLIR

resnet50.mlir

Preprocessing
-linalg-fold-unit-extent-dims
-one-shot-bufferize

Lowering
-convert-linalg-to-affine-loops
-affine-simplify-structures

Lowering
-lower-affine

linalg.mlir
%T = linalg.transpose 
       ins(%w) outs(%0)
       permutation=[1,0]
%3 = linalg.matmul 
       ins(%x,%T) outs(%acc)
%4 = linalg.generic 
       ins(%3,%b) outs(%1)
       { arith.addf } // bias

Fusion & MLAU

affine.mlir
affine.for %j = 0 to 1000 {
 affine.for %k = 0 to 2048 {
  %a = affine.load %x[0,%k]
  %b = affine.load %T[%k,%j]
  %c = affine.load %acc[0,%j]
  %p = arith.mulf %a,%b
  %s = arith.addf %c,%p
  affine.store %s,%acc[0,%j] }}

Tiling & MLAU

scf.mlir
scf.for %j = 0 to 1000 {
 scf.for %k = 0 to 2048 {
  %a = memref.load %x[0,%k]
  %b = memref.load %T[%k,%j]
  %c = memref.load %acc[0,%j]
  %p = arith.mulf %a,%b
  %s = arith.addf %c,%p
  memref.store %s,%acc[0,%j] }}

MLAU
CI0: transposed-B GEMM CI1: tiled FMA reduction CI2: scalar FMA

Applying CIs

CI Selection

for

mulf

0..1000

0..2048

CI0

%a %b

%c

addf CI2

CI1for

CIs=

{CI0}, budget≥A0
{CI1}, A1≤budget<A0
{CI2}, A2≤budget<A2
∅, budget<A1

resnet50.py

Figure 5. End-to-end running example: the fully connected layer of ResNet-50 through Torch-MLIR, preprocessing, the
three-stage MLII, each with a representative MLIR snippet, the applied rewrites, and the identified instruction, and the unified
selection e-graph.

and adds a bias. The frontend lowers the PyTorch model to
linalg-on-tensors with Torch-MLIR [28]. We then pre-
process the exported MLIR code with a few routine cleanup
passes followed by bufferization, because all stages model
memory uniformly with the memref dialect.

ScaleISA lowers the preprocessed MLIR to the target di-
alects. Each stage is independent and constructs a fresh e-
graph from its corresponding lowering. Figure 5 shows, for
each stage, a representative MLIR snippet, an instruction
identified by MLAU, and the transformations that expose it.
At the linalg stage, ScaleISA encodes the three linalg op-
erations to an e-graph, absorbs the weight transpose into the
GEMM through linalg fusion, and identifies transposed-B
GEMM (CI0). At the affine stage, ScaleISA encodes the
affine GEMV loop nest, tiles the loop nest, and identifies
tiled FMA-reduction loop (CI1), which is highly reusable
across the network. At the scf stage, ScaleISA encodes the
scf GEMV loop nest and identifies the scalar FMA (CI2)
inside the loop body.
The saturated e-graph during the instruction selection

process is shown in Figure 5. In this example the three candi-
dates match at overlapping positions of the original program,
so ScaleISA keeps the best-performing one that fits the cur-
rent budget, shifting from the scalar FMA to the tiled loop
to the GEMM as the budget grows.

4 MLIR-E-Graph Integration
This section introduces how ScaleISA integrates MLIR with
e-graphs to support MLII for instruction customization. The
goal is not merely to materialize MLIR in e-graphs. Instead,
the integration is designed around two requirements im-
posed by MLII:
Uniform multi-level encoding. ScaleISA must encode
linalg, affine, and scf stageswith onemethodology rather
than with separate ad hoc encodings. This keeps the down-
stream MLII procedure stage-generic.

𝑥 ∈ Names (Block Arguments)
𝑖 ∈ N (Projection Index)
𝑣 ∈ Attrs (MLIR Attribute)
𝑜 ∈ OpNames (MLIR Operation Name)
𝑒 ::= arg(𝑥) (Block argument)

| attr(𝑣) (MLIR Attribute)
| seq(𝑒1, . . . ) (Ordered Statements)
| block(𝑒1, . . . , 𝑒body) (Block)
| tuple(𝑒1, . . . ) (Create Tuple)
| proj(𝑒tuple, 𝑖) (Project Tuple Element)
| o(e1, . . . , en) (MLIR Operation)
| CI(𝑒pat, 𝑒1, . . . ) (Apply Instruction)

Figure 6. Formal syntax of the ScaleISA DSL.

Explicit structural semantics. The encoding must pre-
serve region boundaries, block arguments, and other struc-
tural cues explicitly. MLII relies on that structure to identify
legal reusable patterns rather than illegal region skeletons,
as Section 5.2 discusses.
The rest of this section describes the ScaleISA DSL and

the stage-local translation, integrating MLIR and e-graphs.

4.1 ScaleISA DSL
ScaleISA bridges MLIR and e-graphs with a small dialect-
agnostic DSL. The DSL is intentionally minimal: most of its
syntax exists only to satisfy the requirements above, while
the remaining forms are auxiliary nodes needed by e-graph
materialization and final instruction selection.

Figure 6 defines the syntax of the ScaleISA DSL. Its cen-
tral design is to encode every MLIR operation, regardless of
dialect, with the same syntaxwhose children are its operands,
attributes, and regions. This treatment gives ScaleISA uni-
form encoding methodology across linalg, affine, and
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scf, and it also keeps the e-graph terms close to the orig-
inal MLIR shape instead of translating each dialect into a
different style.
The DSL also makes information that matters to MLII

explicit. Attributes appear as ordinary child nodes rather
than as external metadata, because constants, bounds, it-
erator annotations, and similar properties often determine
whether two structures can be anti-unified legally. The DSL
also keeps block nodes and arg nodes explicit to expose
structural scope: block marks the boundary of a structured
region, and arg represents the block arguments. ScaleISA
does not need a separate region syntax because it targets
structured dialects in which a block already serves the same
meaning as a region.

Beyond these core forms, the remaining syntax is auxiliary.
Nodes such as tuple and proj support multi-result values
and bookkeeping that arise during encoding, while the CI
form is reserved for the final instruction-selection stage to
represent CI candidates identified by MLII.

4.2 Encoding MLIR to E-Graph
For each instruction identification stage, ScaleISA lowers
the program into IR of the corresponding level and translates
it into the DSL before building the e-graph, which starts from
the MLIR module and proceeds recursively. When encoding
an operation, ScaleISA uses its attributes, operands, and re-
gions as children, while keeping its type information as meta-
data rather than part of the structural term. When encoding
a region, ScaleISA first creates a block node with args and
a seq as children. It then analyzes which operations in the
block must remain explicitly ordered and places only those
operations as direct children of that seq. Starting from each
such operation, the translation proceeds recursively through
its operands and nested structure, so data-producing depen-
dencies become child nodes instead of siblings in the seq
node. This keeps the subsequently generated e-graph clean
and easy to rewrite, while preserving the correct seman-
tics. After that, ScaleISA performs common-subexpression
elimination to share identical subterms and translates the
resulting DSL term into an e-graph.

Figure 7(a) shows a simple linalg.matmul operation. Fig-
ure 7(b) shows the resulting DSL term, where the index
mappings and operand segment sizes are encoded as the
children of linalg.matmul, because they are attributes. The
computation region becomes an explicit block with argu-
ments and a seq that retains only the linalg.yield oper-
ation as an ordered child; the other operations are instead
embedded through the linalg.yield’s data dependencies.
Figure 7(c) then shows the e-graph after MLII and CI rewrite
rules. The full-size linalg.matmul is tiled and the tile-level
linalg.matmul is identified as a CI candidate through MLII,
which is later applied and creates the CI e-node.

linalg.matmul
  ins(%A, %B : memref<128x128xf32>, memref<128x128xf32>)
  outs(%C : memref<128x128xf32>)

(linalg.matmul
(attr [#map, #map1, #map2])
(attr array<i32: 2, 1>)
(arg %A) (arg %B) (arg %C)
(block
 (arg %a) (arg %b) (arg %c)
 (seq
  (linalg.yield
   (arith.addf
    (arg %c)
    (arith.mulf (arg %a) (arg %b)
))))))

scf.for

0 128 16

block

seq

linalg.matmul CI

attrs %A %B %Cblock seq

linalg.yieldarg(%c)

arg(%a)

arg(%b)
+×

(a) MLIR linalg operation

(b) ScaleISA DSL term (c) E-graph representation

Figure 7. Encoding a simple linalg.matmul operation from
MLIR into the ScaleISA DSL and e-graph.

5 Multi-Level Instruction Identification
To address the scale and microarchitectural challenges in
Section 2.3 together, ScaleISA proposes multi-level instruc-
tion identification (MLII). It first reifies microarchitectural
transformations as rewrites to saturate the e-graph (Sec-
tion 5.1), and then applies multi-level anti-unification (MLAU)
to identify reusable instructions effectively (Section 5.2).

5.1 Microarchitectural Transformations
To address Challenge B in Section 2.3, ScaleISA reifies mi-
croarchitectural transformations as non-destructive e-graph
rewrites. This formulation is possible because microarchitec-
tural optimizations are transformations across abstraction
levels, so they can be represented naturally as rewrites over
ScaleISA’s multi-level IR views.
Saturation with these rewrites creates optimized struc-

tures on which MLAU can later identify more scalable microar-
chitectural choices while exposing more reuse opportunities.
Concretely, ScaleISA organizes these rewrites into three
rulesets: algebraic transformations, structural transforma-
tions, and HLS pragmas.
Algebraic transformations. First, we use Enumo [35] to
automatically generate algebraic rules verified by Satisfiabil-
ity Modulo Theories (SMT) solvers [12]. These rules provide
foundational transformations for optimizing the data-flow
and matching semantically equivalent patterns across differ-
ent program segments.
Structural Transformations. Second, we incorporate ex-
ternal structural transformations through upstream MLIR
passes and ScaleISA MLIR passes. Mechanically, ScaleISA
attempts each structural rewrite at every plausible e-graph
site, extracts the corresponding sub-program as a standalone
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(a) C source code

tile=4 × unroll tile=4 × pipeline

tile=8 × unroll tile=8 × pipeline

0..2048

store

+

load 1

%cnts affine.apply

... ...

for

0..512

for

0..256

for

for{unroll} for{pipeline}for

for for{...}

0..4 store

...

Loop tiling at tile sizes 4 and 8
HLS unrolling
HLS pipelining

(b) Saturated e-graph (affine stage)
(c) Single pattern, multiple

implementations

AreaPerformance

for (int i=0;i<2048;++i) {
  int x=clamp_i(pts[i][0]*c,0,c-1);
  int y=clamp_i(pts[i][1]*c,0,c-1);
  int z=clamp_i(pts[i][2]*c,0,c-1);
  int linear=(x*GRID+y)*GRID+z;
  cnts[level][linear]+=1;
}

Figure 8. Microarchitectural transformations on the point-to-cell counting loop from the PCL octree workload. (a) The C
source code of the loop. (b) The affine-stage e-graph after loop tiling rewrites at tile sizes 4 and 8, and HLS pragma rewrites.
(c) Four possible microarchitectural implementations of the loop with different performance-area tradeoffs.

Table 2. Structural rewrites used at each identification stage.

Level Rewrite Pass

linalg
op generalization -linalg-generalize-named-ops
operator fusion ScaleISA pass
operator tiling ScaleISA pass

affine

loop tiling -affine-loop-tile
loop fusion -affine-loop-fusion
loop flattening -affine-loop-coalescing
loop interchange ScaleISA pass
loop perfection ScaleISA pass

scf
if-correlation ScaleISA pass
if-conversion ScaleISA pass
control-flow muxing ScaleISA pass

MLIR IR segment, processes it with the targeted pass, im-
ports the transformed IR back into the e-graph, and unions
it with the original e-class.

Heuristics. ScaleISA applies these rewrites heuristically
because extracting MLIR and invoking a pass at every e-
graph node is expensive. ScaleISA only extracts sub-programs
that satisfy the necessary conditions required by each rewrite
to apply its corresponding transformation. For example, for
linalg tiling, it derives the iteration-space dimensions from
the operation’s indexing maps and operand shapes, then
requires each tiled dimension to have a static size divisible
by the configured tile size. For linalg fusion, it requires a
producer that writes a memref read by another linalg oper-
ation and compatible indexing maps that map the consumer
tile to the producer iteration space.
Table 2 lists the structural transformations. For linalg,

ScaleISA implements operator tiling and fusion with the
transform dialect. At the affine level, ScaleISA’s inter-
change pass permutes nested loops, while its perfection pass
restructures imperfect loop nests into perfect nests. At the
scf level, if-correlationmerges sequential scf.if operations
with correlated conditions, if-conversion replaces scf.if
with arith.select, and control-flow muxing extracts com-
mon branch operations to enable hardware resource sharing.

HLS Pragmas. Third, we derive lazy microarchitectural
rules from the HECTOR HLS framework [58]. These rules
inject HLS pragmas, such as loop unrolling and pipelining, as
metadata into loop nodes. To keep instruction identification
efficient, ScaleISA applies these transformations lazily: each
rewrite adds only a new e-node with pragma metadata to
the existing matched e-class.
Parameters. Four of the rewrites above carry parameters:
linalg tiling, affine tiling, HLS unrolling, and HLS pipelin-
ing. For both linalg and affine tiling, ScaleISA tries all
tile sizes {2, 4, 8, 16, 32} on every matched loop during satura-
tion. This exposes different microarchitectural choices in the
e-graph. Because tiling already controls loop size, the HLS
unrolling rewrite in ScaleISA fully unrolls each loop instead
of enumerating unroll factors. For HLS pipelining, ScaleISA
leaves the initial interval (II) unspecified and lets the HLS
tool automatically attempt the smallest II it can implement.
Example. Figure 8 shows the rewrites on one pattern from
the PCL octree workload, which we also evaluate in Section 8.
Figure 8(b) shows the affine-stage e-graph after saturation
with the loop-tiling rewrites at tile sizes 4 and 8, followed
by HLS unrolling and pipelining. By retaining all the trans-
formations in the e-graph, ScaleISA allows the loop to be
implemented with different microarchitectural choices com-
bining different tile sizes and HLS pragmas, as shown in
Figure 8(c). MLAU can identify CIs from each of these imple-
mentations to achieve different performance-area tradeoffs.

5.2 Multi-Level Anti-Unification
As discussed in Section 2.2, vanilla e-graph AU is effective
at identifying reusable patterns on flat, pure data-flow IR,
but its way of generating variables does not carry over to
structured IR. ScaleISA’s IR views nest regions at arbitrary
depth and carry semantics of different levels, so instruction
identification needs a new method that works uniformly
across all of them. To this end, ScaleISA proposes multi-
level anti-unification (MLAU).
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Algorithm 1: MLAU: Region-Aware E-Node AU
input :e-node pair 𝑛𝑎, 𝑛𝑏 ; reference regions 𝜌𝑎, 𝜌𝑏
output :matched e-node, a fresh variable, or FAIL

1 function MLAUENode(𝑛𝑎, 𝑛𝑏 , 𝜌𝑎, 𝜌𝑏):
2 if Op(𝑛𝑎)≠Op(𝑛𝑏) ∨ Attr(𝑛𝑎)≠Attr(𝑛𝑏) then
3 if InDescendantRegion(𝑛𝑎, 𝜌𝑎) ∨

InDescendantRegion(𝑛𝑏 , 𝜌𝑏) then return FAIL ;
4 return variable()

5 if ¬(InRegionOrDescendants(𝑛𝑎, 𝜌𝑎) ∧
InRegionOrDescendants(𝑛𝑏 , 𝜌𝑏)) ∧ ¬(IsConst(𝑛𝑎) ∧
IsConst(𝑛𝑏)) then

6 return variable()

7 𝐶 := ∅;
8 for (𝑐𝑎, 𝑐𝑏 ) ∈Children(𝑛𝑎, 𝑛𝑏) do
9 𝐶 :=𝐶 ∪ {AUEClass(𝑐𝑎, 𝑐𝑏 , 𝜌𝑎, 𝜌𝑏)};

10 return Op(𝑛𝑎)(𝐶 ) ;

MLAU is shown in Algorithm 1. The e-class-level AU is un-
changed from vanilla AU, so the pseudocode only shows the
e-node case. MLAU starts from a pair of e-classes and records
the regions 𝜌𝑎 and 𝜌𝑏 that contain the two root e-classes as
reference scopes for the recursive matching. Region member-
ship is attributed per e-class: an e-class belongs to the region
in which its SSA value is produced, and an e-class holding a
compile-time constant belongs to no region, since no opera-
tion in the program produces it. For each node pair 𝑛𝑎 and 𝑛𝑏 ,
MLAU first compares their operations and attributes. When
any of them differ, the pair is a candidate for abstraction: if
either e-class belongs to a descendant region of 𝜌𝑎 or 𝜌𝑏 , the
pair lies inside the nested structure that the pattern must
keep intact, so abstracting it would break the region skeleton
and MLAU returns FAIL; otherwise the mismatch sits in the
reference scopes themselves and becomes a variable, which
is the usual pure data-flow AU case. If the operations and
attributes match, MLAU checks scope: if 𝑛𝑎 does not belong
to 𝜌𝑎 or one of its descendant regions, or 𝑛𝑏 does not be-
long to 𝜌𝑏 or one of its descendants, the value is produced
outside the scope and the pair becomes a fresh variable,
corresponding to the ?𝑥 notation in Section 2.2. Pairs of
compile-time constants are exempt from this rule because
they can be abstracted safely regardless of scopes. In the
remaining case MLAU recurses into the children pairs.
Stage-specific AU pairing. The insight behind ScaleISA is
to identify instructions at the abstraction level where they are
most visible. MLAU therefore does not anti-unify every e-class
pair at every stage. MLAU runs only on e-classes that contain
specific whitelisted operations at each stage. The linalg
stage whitelists the linalg operations with computational
or data-movement semantics; the affine stage whitelists
affine.for together with the loop operations of the scf
dialect; the scf stage whitelists scf.if, the scalar compute
operations, and the memory-access operations.

linalg.yield

linalg.yield

linalg.generic

[#map,#map,#map] %b %yblock

seq

arg(%0) arg(%1)

+

linalg.generic

[#map1,#map2,#map3] %x %T %ablock

seqarg(%2)

arg(%0)
×

arg(%1)

+

ec1,ρ1

ec2,ρ1

MLAU(ec1,ec2)
=linalg.generic(MLAU(ec3,ec4),...)ec3,ρ1

ec4,ρ1

ec5,ρ2
ec6,ρ3

MLAU(ec3,ec4)

FAIL: attr mismatch

FAIL: ec5 and ec6
belong to descendant
regions of ρ1

Figure 9. MLAU on two linalg.generic e-classes from
the ResNet-50 fully connected layer. The pair fails on an
indexing_maps attribute mismatch (ec3/ec4) and on a
region-body mismatch inside descendant regions (ec5/ec6).

Some program properties encoded in MLIR can prevent
MLAU from identifying useful instructions. ScaleISA does
not model memory aliasing in the e-graph. Instead, prepro-
cessing reduces aliasing uncertainty where possible. For ex-
ample, function inlining exposes memory accesses across
call boundaries that would otherwise be opaque. Affine in-
dexing expressions usually appear as operation attributes.
Preprocessing and lowering simplify and canonicalize these
expressions, after which MLAU compares them as ordinary
operation attributes and rejects pairs whose attributes dif-
fer. Finally, ScaleISA DSL represents each SSA producer as
a child of its consumers, so MLAU follows SSA dependence
chains recursively. E-nodes without an explicit SSA depen-
dence path are unreachable from one another, so a candidate
identified by MLAU cannot span them.
Example. Figure 9 applies MLAU to two e-classes from the
ResNet-50 fully connected layer of Figure 3. MLAU between
ec1 and ec2 fails at two places. First, ec3 and ec4 hold differ-
ent indexing_maps attributes, so an attribute mismatch fails
the pair. Second, even if their attributes match, because ec5
and ec6 differ in their body operations, and both e-classes be-
long to descendant regions of the reference region 𝜌1, MLAU
will still fail instead of abstracting them. Vanilla e-graph AU
would abstract every mismatch into a variable and return a
linalg.generic pattern whose indexing map and body op-
eration are both variables, which cannot be used in practice.
MLAU rejects the pair and never materializes it.
With MLAU, larger instructions become practical to iden-

tify. The microarchitectural transformations described in
Section 5.1 further increase the chance for MLAU to find
reusable instruction candidates with scalable microarchi-
tectural choices.

6 Instruction-Microarchitecture Selection
The final step jointly selects which instructions to keep as
well as their microarchitectures. Unlike prior instruction
customization flows that are constrained by selecting can-
didates only at a fixed low-level IR (e.g., basic blocks or
LLVM IR), ScaleISA can flexibly pick the abstraction level
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where selection happens. By selecting candidates at higher
levels (e.g., affine loop nests or linalg tensor operations),
ScaleISA can preserve the high-level structural informa-
tion of the custom instructions. This capability is crucial for
connecting ScaleISA to advanced compiler and hardware
frameworks that can exploit such structured information to
enable further optimizations. We carry out a case study in
Section 8.4 to further demonstrate this. In our default flow,
after MLII, ScaleISA lowers all custom instruction candi-
dates to rewrites over a unified scf IR view of the original
program. Software execution and all instruction candidates
thus compete in one common e-graph, regardless of the IR
level at which each candidate was originally identified.
This formulation is important because the true optimiza-

tion problem is closer to a grouped knapsack than a simple
0–1 knapsack. Suppose there are 𝑁 instruction candidates,
and candidate 𝑖 has 𝑀𝑖 implementation variants. Under a
global budget, the optimizer must choose whether to use
candidate 𝑖 at all and, if so, which one of its variants to keep.
This unified view enables the possibility for more high-level
optimizations that are applied on the high-level form of gen-
erated instructions.

ScaleISA uses a budget-aware e-graph extraction objec-
tive. For a software expression 𝑒 , it estimates latency as

𝐿sw (𝑒) =
∑︁
𝑜∈𝑒

exec(𝑜) · ℓsw (𝑜), (1)

where ℓsw (𝑜) is the software latency of operation 𝑜 and
exec(𝑜) is its execution count. For a custom-instruction can-
didate 𝑣 , ScaleISA uses the latency and area obtained from
HLS:

𝐿hw (𝑣) = exec(𝑣) · ℓhw (𝑣), 𝐴(𝑣) = 𝑎hw (𝑣). (2)

The final extraction minimizes total latency under an area
budget 𝐵:

min
𝐸

𝐿(𝐸) s.t.
∑︁

𝑣∈V(𝐸 )
𝐴(𝑣) ≤ 𝐵, (3)

whereV(𝐸) is the set of selected instructions and their mi-
croarchitecture choices in the extracted expression 𝐸. In this
way, ScaleISA benefits from the diverse hardware imple-
mentations exposed during MLII.

7 Implementation
ScaleISA is implemented as a multi-front-end flow on top of
MLIR [26] and egg [51]. It currently takes Polygeist [32]- and
Torch-MLIR-generated programs, which provide structured
MLIR suitable for different identification stages. The egg
engine serves as the e-graph engine for equality saturation,
e-graph anti-unification, and final extraction, where we ex-
tend MLII features as introduced in Section 5. For hardware
generation and evaluation, ScaleISA uses HECTOR [58]
to generate implementations and report latency-area trade-
offs. In total, ScaleISA comprises 11,587 LOC in Python

Table 3. Summary of benchmarks.

Suite Workload Description
GTSAM Planar 2D planar SLAM.

Pose2 2D pose-graph SLAM.
Pose3 3D pose-graph SLAM.
SFM Batch structure-from-motion.
StereoVO Stereo visual odometry.

PCL ISS ISS keypoint detection.
KDTree k-d tree nearest-neighbor search.
Morph Morphological filtering.
Normals Surface-normal estimation.
Octree Octree-based spatial search.
ICP Iterative closest point registration.
RANSAC Sample-consensus fitting and outlier rejection.
RegGrow Region-growing segmentation.
Poisson Poisson surface reconstruction.

TorchBench MobileNet Lightweight CNN inference.
ResNet-50 Residual CNN inference.

for MLIR-e-graph roundtrip and end-to-end workflow con-
trol, 10,489 LOC in Rust for implementing MLII, and 1,070
LOC in C++ for the structural transformations and lower-
ing custom-instruction candidates to HECTOR inputs. The
resulting custom instructions are integrated through a RoCC-
style coprocessor interface, which provides a concrete path
from selected instruction candidates to deployable hardware-
backed ISA extensions.

8 Evaluation
Our evaluation addresses the following research questions:
1. Can ScaleISA identify instructions that deliver higher

fixed-budget performance than priormethods? (Section 8.1.1)
2. How do different methods scale performance as the area

budget increases? (Section 8.1.2)
3. Does ScaleISA scale performance by selecting more scal-

able instructions, rather than by simply growing the in-
struction set without bound? (Section 8.1.3)

4. How much do ScaleISA’s multi-level instruction identifi-
cation and microarchitectural exploration each contribute
to solution quality? (Section 8.2)

5. How close is ScaleISA’s automatically generated hard-
ware to hand-optimized hardware? (Section 8.3)

6. Does ScaleISA enable more advanced optimizations with
instructions selected at a high level? (Section 8.4)

8.1 Comparison with Baselines
We compare ScaleISA against ISAMORE [56], NOVIA [45],
and Cayman [55] on three benchmark suites: GTSAM [13],
PCL [41], and TorchBench [20]. GTSAM is a C++ library
for factor-graph-based estimation and optimization in robot-
ics and vision workloads such as SLAM and structure from
motion. PCL is a C++ library for 3D point-cloud processing,
covering workloads such as keypoint detection, filtering, reg-
istration, and surface reconstruction. TorchBench represents
PyTorch model workloads. We retrieve the evaluated work-
loads from their corresponding upstream repositories and
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Figure 10. End-to-end speedup at fixed area budgets: 20,000 𝜇𝑚2 for GTSAM and PCL, and 50,000 𝜇𝑚2 for TorchBench.
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Figure 11. Performance-area Pareto frontiers for the evaluated workloads under different area budgets.

feed them into our flow in the MLIR form. The baseline CPU
execution cycles are obtained by running the workloads on
a Chipyard-generated system. For CIs, we use HECTOR [58]
to generate hardware, evaluate latency with RTL simulation,
and evaluate area with OpenROAD targeting the ASAP7
PDK [9]. Table 3 briefly summarizes the function of each
workload. Unless otherwise noted, all results report end-to-
end application speedup over baseline CPU execution.

8.1.1 Performance Comparison. Figure 10 reports one
comparison point per workload, taken at fixed area bud-
gets of 20,000 𝜇𝑚2 for GTSAM and PCL and 50,000 𝜇𝑚2 for
TorchBench. At these budgets, ScaleISA reaches a 5.73×
geometric-mean speedup, compared with 3.72× for Cayman,
3.01× for ISAMORE, and 1.77× for NOVIA. Overall, ScaleISA
achieves an average 1.42× speedup (up to 2.87×) over the
strongest baselines picked for each workload.
Specific workloads show where these gains come from.

On Planar, ScaleISA reaches 6.04×, while the best baseline

reaches only 2.19×; this workload contains repeated struc-
tured SLAM updates that benefit from ScaleISA’s multi-
level identification. On Octree, ScaleISA reaches 17.88×
versus Cayman’s 9.44×, indicating the benefit of scalable
loop-level instructions for hierarchical search kernels. Cay-
man is competitive on several GTSAM and PCL workloads,
including Pose2, KDTree, ICP, and Poisson, because it can al-
ready apply automatic microarchitectural optimization once
a candidate accelerator has been fixed. The largest gap ap-
pears on TorchBench, however. ScaleISA reaches 8.38× on
MobileNet and 8.99× on ResNet-50, while Cayman reaches
only 2.92× and 3.45×, respectively. These large deep-learning
workloads containmany reuse opportunities that become vis-
ible only when microarchitectural exploration exposes better
tensor- and loop-level structure. ScaleISA can effectively uti-
lize these acceleration opportunities under the area budgets,
because it couples multi-level identification with microar-
chitectural exploration, exploiting the high-level reusability
exposed.
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Figure 12. Trends of selected instruction set by area budgets.

8.1.2 Performance ScalabilityAnalysis. Figure 11 shows
the full performance-area tradeoff behind these fixed-budget
comparisons. Across all workload-budget points, ScaleISA
is best or tied in 97 of 98 cases; the only exception is SFM
at 10,000 𝜇𝑚2, where ISAMORE is slightly higher (1.59×
vs. 1.56×). Thus, ScaleISA usually remains the strongest
method throughout the budget range rather than only at one
selected comparison point.

At tight budgets, manyworkloads remain close to ISAMORE.
On GTSAM and PCL, ScaleISA’s geometric-mean advan-
tage over ISAMORE is only 1.02×–1.04× up to 2,000 𝜇𝑚2.
This is expected because both systems can use equality satu-
ration to discover highly reusable scalar instructions, which
are the most affordable options when the budget is tight. As
the budget grows, however, ScaleISA pulls away from both
ISAMORE and NOVIA because it can expose and exploit
larger loop- and tensor-level instructions. By 20,000 𝜇𝑚2,
ScaleISA improves the geometric mean over ISAMORE by
1.81× on GTSAM and 1.75× on PCL, and by 50,000 𝜇𝑚2 it
improves over ISAMORE by 3.20× on TorchBench.
The comparison with Cayman highlights a different ad-

vantage. Although Cayman can be close at the highest budget
on some workloads, it often has a clear disadvantage at lower
budgets. For example, on KDTree at 5,000 𝜇𝑚2, ScaleISA
reaches 3.00×while Cayman reaches 1.26×; on ICP, ScaleISA
reaches 4.02× while Cayman remains at 1.04×. This pattern
indicates that Cayman can optimize fixed candidates well
near the loosest budget, but ScaleISA’s joint flow finds bet-
ter performance-area tradeoffs throughout the budget range.

8.1.3 Instruction Scale Analysis. Higher performance
does not necessarily imply a better ISA extension if it is
achieved only by selecting manymore instructions. Figure 12
therefore examines how the selected instruction set evolves
as total area usage grows. Unlike the other three methods,
ScaleISA’s selected instruction count increases only in the
low-budget regime and then quickly stabilizes over most
of the operating range. In contrast, ISAMORE and NOVIA
keep adding instructions as more area becomes available,
and Cayman also grows the selected set when the budget
becomes large.
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Figure 13. Average number of selected instructions by gran-
ularity and area budget for C++ libraries and TorchBench.

At the same time, the average area of a selected ScaleISA
instruction keeps increasingwith total area usage. Thismeans
ScaleISA is not buying performance by letting the ISA ex-
plode; instead, it spends additional budget on making each
selected instruction itself more capable. In other words, the
identified instructions are genuinely scalable: as the target
performance increases, ScaleISA tends to keep roughly the
same instruction-set size while scaling up the microarchitec-
tural strength of the instructions that remain selected.
Figure 13 breaks down the selected instructions by di-

alect. For C++ libraries, affine instructions increase with
the area budget while scf instructions first rise and then de-
cline. This trend confirms that performance gains arise from
improved instruction granularity rather than from simply
increasing instruction count. In contrast, for TorchBench,
linalg instructions stay roughly constant while affine and
scf instructions increase. This behavior comes from the com-
putational nature of deep learning workloads: most of the
reusable computation is already captured by a small number
of coarse-grained instructions, so further speedup comes pri-
marily from accelerating additional fine-grained operations.

8.2 Ablation Study
Table 4 ablates the two major ingredients of ScaleISA that
remain meaningfully separable in the current formulation:
multi-level instruction identification and joint microarchi-
tectural exploration. Accordingly, w/o µArch removes the
rewrite-driven microarchitecture exploration and lets each
identified instruction keep only one best fixed microarchi-
tectural design, while w/o Multi-Level restricts instruction
identification to the scf stage.
The largest effect comes from removing multi-level in-

struction identification. The geometric-mean speedup drops
from 5.73× to 3.00×, decreasing by 47.6%. Especially on Mo-
bileNet, ResNet-50, Planar, and SFM, the performance losses
exceed 60%. These results show that access to high-level
IR is the most important factor for identifying larger-scale
instructions and translating them into higher end-to-end
performance. Without those higher-level program views, the
system falls back toward smaller low-level candidates and
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Table 4. Ablation of ScaleISA on the evaluated workloads.
The default column reports the end-to-end speedup of the full
system. Each ablated configuration reports its raw speedup,
with the relative change versus the default configuration
shown in parentheses.

Benchmark Workload Default w/o
Multi-Level

w/o
µArch

GTSAM Planar 6.04× 2.16× (-64.2%) 2.33× (-61.4%)
Pose2 3.77× 2.64× (-29.9%) 3.77× (-0.1%)
Pose3 4.21× 2.46× (-41.7%) 4.07× (-3.3%)
SFM 5.29× 2.02× (-61.9%) 4.47× (-15.4%)
StereoVO 1.31× 1.21× (-7.9%) 1.26× (-4.2%)

PCL ISS 7.52× 3.20× (-57.5%) 7.35× (-2.3%)
KDTree 4.42× 2.93× (-33.7%) 4.46× (+0.9%)
Morph 8.24× 6.06× (-26.5%) 8.11× (-1.5%)
Normals 5.44× 2.94× (-46.0%) 3.72× (-31.6%)
Octree 17.88× 8.56× (-52.1%) 11.42× (-36.1%)
ICP 4.10× 2.89× (-29.6%) 4.08× (-0.6%)
RANSAC 3.75× 2.06× (-45.0%) 2.06× (-45.0%)
RegGrow 5.52× 2.61× (-52.7%) 5.44× (-1.5%)
Poisson 12.09× 7.85× (-35.1%) 11.92× (-1.4%)

TorchBench MobileNet 8.38× 2.52× (-70.0%) 7.35× (-12.3%)
ResNet-50 8.99× 2.92× (-67.6%) 7.00× (-22.2%)

GeoMean 5.73× 3.00× (-47.6%) 4.73× (-17.4%)
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Figure 14. Relative performance of the instructions gener-
ated by ScaleISA against hand-optimized HLS (dashed line:
hand-optimized = 100%).

loses much of the scalability advantage. Removing joint mi-
croarchitectural exploration also causes severe performance
degradation. The geometric-mean speedup drops from 5.73×
to 4.73×, decreasing by 17.4%, with especially clear losses
on Planar, RANSAC, Octree, and Normals. This result vali-
dates the significance of jointly exploring microarchitectural
choices during instruction customization rather than post-
poning them until after candidate identification.

8.3 Comparison with Hand-Optimized Hardware
To estimate how close our automatically generated hardware
comes to hand-written hardware, we manually tuned the
HLS code of the instructions ScaleISA selected on the 14
GTSAM and PCL workloads at the default 20,000 𝜇𝑚2 budget.
The manual pass only adds memory partitioning optimiza-
tion, without re-identifying or re-selecting instructions, so
both designs implement the same instruction set.
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          kernel_size=1)
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pe=s.unfold("PE",[0,1])
s.partition(/* .. */)
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s.to(bufB,pe,axis=0,depth=N+1)

affine.for %i = 0 to 7 {
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  affine.for %k = 0 to 8 {
   %a=affine.load %A[%i,%k]
   %b=affine.load %B[%k,%j]
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   %p=arith.mulf %a,%b
   %s=arith.addf %c,%p
   affine.store %s,%C[%i,%j]
}}}
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Figure 15. Case study of the ScaleISA-Allo[5] flow.

Figure 14 shows the performance of ScaleISA’s automati-
cally generated hardware relative to the manually optimized
hardware. Across the 14 workloads it reaches an average
relative performance of 91%.

8.4 Case Study: Integration with Allo
To explore the potential of integrating ScaleISA with high-
level hardware optimization, we implement the CI candi-
dates identified by high-level ScaleISA stages (linalg and
affine) with Allo [5], a high-level schedule language for
accelerator programming. More specifically, we manually
design the CIs in Allo and enable various dataflow schedules.
Figure 15 presents an example of designing GEMM with
systolic-array construction using Allo. We skip the scf stage
and lift instruction selection to the affine stage. For the se-
lected CIs, the semi-automatic ScaleISA-Allo flow achieves
speedups of 13.7× for MobileNet and 24.4× for ResNet-50
compared to the default HECTOR [58] backend. This case
study demonstrates the broader potential of ScaleISA: its
capability to customize instructions at a high level not only
enables the identification of larger candidates but also pre-
serves the high-level information necessary to enable more
optimizations, fully unveiling acceleration potentials.

9 Related Work
Algorithms for enumerating data-flow subgraphs for fine-
grained custom instructions have been well-studied [10, 11,
15, 39, 54] to handle convexity and I/O constraints. Later
work [2, 3] explored instruction recurrence and isomorphism-
aware identification to unveil syntactic merging opportu-
nities. Systems such as C-cores [48], GreenDroid [19], and
QsCores [49] offload functions and loops to custom accelera-
tors. PICO [1] and FINDER [16] identify parallel instructions
for VLIW architectures, while APEX [29] and RADISH [50]
customize processing elements from common patterns for
domain-specific reconfigurable accelerators. ScaleISA dif-
fers by identifying reusable scalable instructions at multiple
IR levels with joint microarchitectural exploration.
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MLIR [26] has become a popular infrastructure for build-
ing both software and hardware compilers. On the software
side, MLIR compilers such as Triton [44] and XLA [33] opti-
mize tiled neural network computations and machine learn-
ing graphs. Van Delm et al. [46] introduces MLIR-based
abstractions to eliminate configuration overhead towards
domain-specific accelerators. On the hardware side, HEC-
TOR [58], Dynamatic [24], and the CIRCT project [8] use
MLIR for high-level synthesis and EDA tools. ScaleISA lever-
ages this ecosystem by using the multi-level structure as a
search space for scalable instruction customization.

E-graphs and equality saturation [51, 61] have been widely
used for rewrite-based optimization. Diospyros [47] and Is-
aria [43] apply equality saturation for vectorization and DSP
compiler generation. Recent efforts combine e-graphs di-
rectly with MLIR, including SEER [7] for high-level synthesis
super-optimization, DialEgg [60] for dialect-agnostic opti-
mization, HEC [59] for equivalence checking, and the eqsat
dialect [30] for non-destructive rewriting. ScaleISA builds
on these foundations by extending multi-level e-graph anti-
unification [4, 56] withMLIR-e-graph rewrites to jointly iden-
tify scalable custom instructions and microarchitectures.

10 Conclusion
This paper presents ScaleISA, an end-to-end framework
for multi-level custom instruction identification and joint
microarchitectural exploration. It introduces multi-level e-
graph anti-unification to identify reusable instructions across
MLIR abstraction levels and incorporates microarchitectural
transformations into the identification process. ScaleISA
achieves an average 1.42× speedup over the strongest base-
line per workload, with gains up to 2.87×. Evaluation demon-
strates its ability to exploit larger instructions as area budgets
grow, while an Allo case study illustrates the potential for
further hardware optimization.
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