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Abstract—An increasing number of applications, including im-
plantables, IoT devices, and printed electronics, impose stringent
power and area constraints. With the end of Dennard scaling,
Application Specific Instruction Processors (ASIPs) have emerged
as a promising solution, reducing power consumption and silicon
area by sacrificing generality compared to general-purpose pro-
cessors. However, existing approaches predominantly optimize
hardware through software profiling, potentially overlooking
optimization opportunities through software rewriting. We pro-
pose æSIP, a hardware-software co-optimization framework for
efficient ASIP design. Our framework leverages e-graph data
structures to explore semantically equivalent software implemen-
tations through rewriting rules derived from program synthesis.
We employ a divide-and-conquer approach that performs local
saturation at basic-block granularity followed by Integer Linear
Programming (ILP)-based global extraction at whole-program
scope, enabling scalability to real-world applications. We de-
velop a don’t care-based hardware optimizer that automatically
generates ASIP designs for each equivalent program variant,
enabling agile design space exploration. We further incorporate a
constraint-based sharing algorithm that clusters applications with
similar characteristics and limits the number of ASIP variants,
thereby enabling efficient reuse across workloads and balancing
area/power efficiency with NRE cost.

To our knowledge, this represents the first systematic hard-
ware–software co-design framework for agile multi-objective
ASIP development. Experimental evaluation on widely used em-
bedded benchmark suites, MiBench and Embench, demonstrates
geometric mean area reduction of 17.0% and power savings
of 12.3% compared to state-of-the-art ASIP generators. When
energy is the optimization objective, æSIP achieves geometric
mean energy reductions of 4.1% (CMOS 130 nm) and 6.3%
(Inkjet Printed Electronics process). Furthermore, æSIP enables
generalization across diverse workloads while preserving special-
ization. Our trade-off analysis shows that with only five shared
ASIPs, æSIP achieves a 17.3% area reduction with 11.9% latency
overhead, compared to 22.4% area reduction and 15.1% latency
overhead under full per-application specialization.

I. INTRODUCTION

The proliferation of embedded systems has intensified the
demand for energy-efficient, area-constrained processing so-
lutions. While energy is undeniably critical, area and power
remain the binding constraints in many applications, with
latency requirements varying across use cases.

Printed and flexible electronics fabricate transistors on
plastic or paper substrates at feature sizes of 1–10 µm, yielding
transistor budgets two to three orders of magnitude below

TABLE I
DESIGN CONSTRAINT PROFILES FOR EMERGING EMBEDDED DOMAINS

TARGETED BY ÆSIP.  = PRIMARY, G# = VARIES, # = RELAXED.

Domain Power Area Energy Latency

Printed / Flexible IC #  # #
Cryogenic Quantum Ctrl   # G#
Active RFID / IoT  #  #
Implantable / Health Care   G# G#
Wearables G# #  #

General Embedded (baseline) G# G# G# G#

silicon [12], [13], [49]. Every eliminated gate directly reduces
material cost, and defect exposure – the dominant yield limiter
for large-area flexible circuits. Classical control logic in
cryogenic quantum systems faces tight power and area
budgets. Dilution refrigerators provide only microwatts of
cooling at the millikelvin stage [9]. Current superconducting
fabrication processes support limited Josephson junctions per
chip [65], [74], making every gate a scarce resource. Active
RFID tags harvest ambient RF energy, making power draw
(not throughput) the factor that determines whether the device
operates at all. Implantable neural interfaces are similarly
limited: thermal dissipation in brain tissue must stay below
approximately 40 mW/cm2 to prevent tissue damage [4], and
device volume is dictated by the implantation site.

In these resource-constrained settings, general-purpose pro-
cessors are increasingly untenable. This has driven grow-
ing interest in application-specific instruction-set processors
(ASIPs), which trade full generality for domain-tailored ISA
and microarchitectures: depending on the target, specialization
may aim to reduce area and energy, lower latency, or even
accept modest resource overheads in exchange for critical
domain-specific functionality [33], [38].

Historically, ASIP design has followed an additive method-
ology, augmenting base instruction sets with customized exten-
sions to improve performance [8], [31], [46], [76]. While this
approach successfully addresses computational requirements,
it fundamentally fails to reduce area and power consumption—
adding instructions inevitably yields larger, not smaller, pro-
cessor cores. This represents a critical missed opportunity:
empirical studies of real-world workloads consistently demon-
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Fig. 1. æSIP: an agile hardware-software co-design framework. Traditional
ASIP [59] design profiles target applications and designs specialized hardware.
Despite its performance benefits, it falls short for embedded systems with strict
area/power constraints. Reduced Instruction Set Processors (RISPs) address
this by pruning unused hardware according to actual instruction usage. æSIP
enhances this approach through hardware-aware program rewriting, combining
neurosymbolic-based program synthesis, divide-and-conquer equality satura-
tion, and external don’t care-based hardware pruning.

strate that most applications utilize only a small subset of
available ISA instructions [11], [58], suggesting that signifi-
cant hardware resources in general-purpose processors remain
unused and could be eliminated without affecting its correct-
ness.

This insight has catalyzed the development of Reduced-
Instruction Set Processorss (RISPs), designed through sub-
tractive processes — removing ISA instructions rather than
adding them — which enables systematically removing unused
hardware [58]. Bespoke microprocessors [22] demonstrated
that processors can be optimized to support only a single
application through automated hardware removal. PDAG [11]
generalized this approach to support arbitrary ISA and mi-
croarchitecture combinations using Linear Temporal Logic
(LTL) model checking to identify and eliminate unused struc-
tures. RISSP [58] applied similar principles specifically to
RISC-V subsets, though constrained to a particular single-
cycle microarchitecture. FSYN [34] ported PDAG to an open-
source toolchain. Complementary approaches have explored
approximate computing through Application Specific Approxi-
mate Behavioral Processors [67], extended symbolic execution
frameworks as follow-up to Bespoke [66], applied PDAG-like
structural subsetting to accelerators [81], and developed formal
CPU profiling methods for embedded processors [70].

However, existing approaches share fundamental limitations
that constrain their practical applicability and optimization
potential [11], [22], [34], [58], [66], [67], [70], [81]. First,
current approaches derive ISA constraints by profiling target
applications, yet the compilers generating these applications
remain unaware of opportunities to reduce instruction usage
for additional area savings. Second, existing constraints are
coarse-grained and microarchitecture-agnostic. Most works

rely solely on ISA-level constraints, overlooking optimization
opportunities inherent in application-specific data patterns and
timing constraints. Third, most works inadequately address
the trade-off between specialization and generalization. While
extreme specialization yields substantial area and power ben-
efits, minimal generalization results in high Non-Recurring
Engineering (NRE) costs and severely limits future software
upgrade capabilities.

To address the aforementioned challenge, we propose æSIP,
a hardware-software (ASIP-ISA) co-design framework that
aims at efficient and effective automatic ASIP generation
as shown in Figure 1. æSIP is an end-to-end framework
that accepts target applications, a baseline general-purpose
processor, and latency constraints as inputs, producing an
optimized ASIP and verifiably equivalent rewritten programs.

æSIP uses program synthesis to automatically discover
instruction rewriting rules. These rules are applied via equality
saturation: rather than applying rewrites sequentially (where
ordering affects the outcome), all rules are applied simultane-
ously to an e-graph that compactly encodes the full space of
equivalent programs.

The equivalent programs are then analyzed to extract
microarchitecture-aware constraints, including ISA, data, and
timing-level constraints. Using these constraints, the frame-
work efficiently prunes the baseline general-purpose proces-
sor to generate the optimized ASIP, leveraging Observabil-
ity Don’t Cares (ODCs)-based optimizations and semiformal
verification. Because different rewrite choices yield different
area–latency trade-offs, æSIP sweeps the latency constraint to
produce a Pareto frontier of design variants, enabling domain-
appropriate selection as motivated by Table I.

To explore the trade-off between NRE cost/upgradability
and area/power of ASIPs, we develop a clustering-based
algorithm to partition applications into sub-ecosystems based
on their similarity. Then co-design between ASIP generation
and program rewriting at the ecosystem scale enables efficient
NRE amortization.

The major research contributions of this paper are as fol-
lows:

• We propose æSIP, the first e-graph-based hardware-
software co-design framework that not only enables
extreme area reduction, but explores pareto trade-offs
between area, power, and latency via program rewriting.

• We use neuro-symbolic-based program synthesis to auto-
matically derive rewrite rules for equality saturation.

• We develop a divide-and-conquer rewriting framework
that performs local saturation at basic-block granularity
and global extraction at whole-program scope, enabling
scalability to real-world benchmarks.

• We incorporate previously ignored microarchitecture-
aware constraints into the ASIP generator.

• We propose an ASIP-ecosystem co-design that reduces
NRE cost through ILP-based ASIP allocation across
applications, and demonstrate that unseen workloads can
be rewritten onto the resulting ISA subsets.
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Original Program

sub a2, a0, a1 

add t0, t0, t1

mulh a5, a0, a1

mul a6, a0, a1

Rewriting rules

add -> sub ...

mulh -> mul, srai, srli ...

mul -> call subroutine

bge -> blt, jal ...

or -> add, and, xori ...

xor -> xori, addi

...

Add rewrite

sub t0, x0, t0 

sub t0, t1, t0

Mulh rewrite

srli t1, a0, 16 

srli t3, a1, 16

...

mul t4, t0, t2

mul t5, t0, t3

mul t6, t1, t2

mul a0, t1, t3

...

add a0, a0, t0

Mul rewrite

jal ra __MUL 

add a6, a0, x0

Fig. 2. Hardware-aware program rewriting for ASIP optimization. Instructions
such as mul, mulh, and add are replaced with semantically equivalent
instruction sequences, reducing instruction diversity and enabling aggressive
gate-level pruning for smaller ASIP implementations. Rewrite rule details and
stack allocation are omitted here due to space limit.

æSIP is released as an open-source design tool: https://github.
com/CrucibleComputingGroup/aesip.git.

II. MOTIVATING EXAMPLE

State of the Art (SOTA) ASIP design frameworks [11], [22],
[34], [58] profile target applications to gather instruction usage
information, which is then translated into ISA-level constraints
for pruning unused gates to obtain smaller ASIP designs. How-
ever, existing compilers focus on performance optimization
rather than reducing instruction usage to reduce chip area.
We observe that strategic program rewriting can significantly
reduce instruction diversity, thereby enabling more aggressive
hardware pruning.

Figure 2 illustrates this opportunity through a concrete
example in RV32IM instruction set. The upper-bit multipli-
cation instructions (mulh, mulhu, mulhsu) can each be
rewritten as sequences using mul with shifts and accumu-
lations, enabling the safe removal of upper-bit multiplier
logic. Furthermore, mul itself can be decomposed into a
subroutine consisting solely of additions and shifts, potentially
eliminating the entire multiplier unit. The resulting ASIPs, due
to different ways of program rewriting, are shown in Figure 3.

While this approach demonstrates clear area benefits, it
raises several fundamental challenges:

• Correctness validation: We must systematically derive
and verify semantic-preserving rewriting rules.

• Phase ordering problem: The application order of
rewrite rules critically affects optimization outcomes. In
our example, mulh must be rewritten before mul to
achieve complete elimination of multiplication hardware.

• Latency/Area trade-off: Decomposing complex instruc-
tions into primitive operations reduces area at the cost of
program latency. Different applications impose varying
latency constraints that must be respected.

• Scalability: The approach must scale to large, real-world
workloads while maintaining tractability. Program rewrit-

100um

æSIP B
28.6% Reduced Area
10.4% Reduced Power

12.4% Reduced Area
9.6% Reduced Power

10.0% Reduced Area
8.7% Reduced Power

æSIP APDAGBaseline

Fig. 3. Place-and-route (PnR) results for ASIPs pruned from the baseline
Ibex RISC-V core in 130nm technology. PDAG [11] represents the SOTA
RISP design methodology, which profiles target applications and prunes the
baseline processor based on ISA constraints. æSIP A and B represent two
variants with different program rewriting strategies. More aggressive rewriting
achieves greater area/power reduction at the expense of increased latency.

ing may lead to combinatorial explosion, as each rewrit-
ing step can potentially introduce additional rewriting
opportunities, creating a cascading effect that becomes
computationally intractable.

To address these challenges comprehensively, we propose
æSIP, an ASIP-ISA co-design framework that combines pro-
gram synthesis, equality saturation, and external don’t-care-
based hardware pruning. To the best of our knowledge, this
represents the first systematic approach to minimizing ASIP
area through hardware-aware program transformation.

III. BACKGROUND

A. Program Synthesis

Program synthesis systematically searches for semantics-
preserving program transformations and is widely used in code
super-optimizers [1], [56].

1) Symbolic synthesis: Symbolic approaches encode the
search problem as logical constraints, typically using
SAT/SMT solvers. Existing works like Sketch and Rosette
[69], [72] demonstrate how symbolic reasoning enables au-
tomated derivation of correct-by-construction transformations.
These synthesizers treat the program synthesis problem di-
rectly as a search for a constructive proof of a second order
existential logic theorem — they must prove (by construction)
that there exists a program which, for all possible inputs,
satisfies the intended semantics. This gives it a complexity
of Σ0

3-complete in the arithmetic hierarchy [40].
2) Stochastic and heuristic synthesis: Due to the significant

computational overhead of symbolic synthesis, stochastic su-
peroptimizers (e.g., STOKE [64]) explore the program space
using Monte Carlo search, or simulated annealing. They
trade optimality for scalability and can discover non-obvious
rewrites that are difficult for symbolic methods to reach.

3) Enumerative synthesis: Enumerative techniques enumer-
ate candidate expressions under a bounded grammar. Although
exponential in the worst case, recent pruning and version-space
techniques make enumerative synthesis practical for domain-
specific instruction-level rewrites [3].

B. E-Graphs and Equality Saturation

E-graphs provide a compact and canonical representation
for large sets of equivalent expressions. Originally developed
for automated theorem provers (ATPs) [27], the data structure
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has recently gained renewed attention with the advent of state-
of-the-art open-source equality–saturation frameworks such
as egg [79] and egglog [85]. These systems demonstrate
that e-graphs are effective across a wide range of compiler
and synthesis tasks, including code optimization [20], [84],
technology mapping [18], [19], [83], circuit datapath synthesis
[24], [25], and arithmetic reasoning [23], [42], [53], [75].

An e-graph consists of e-nodes (individual operators) and
e-classes (sets of equivalent nodes). The overall workflow
comprises two phases: saturation and extraction. Given an
initial program representation and a rewrite rule set, equality
saturation repeatedly applies all applicable rewrite rules to the
e-graph. In the subsequent extraction phase, a user-defined cost
model is used to select a combination of e-nodes, yielding an
optimized program that is semantically equivalent.

C. External Don’t Care

Don’t cares (DCs) [14] are a well-established technique in
logic synthesis that allows minimizing logic complexity by
exploiting conditions where certain values are irrelevant. Don’t
cares are typically categorized into Internal Don’t Cares [14],
[63], which arise from the netlist structure itself, and External
Don’t Care (EDC) [41], [63]. EDC represent constraints from
the user specifications that some input patterns will never
appear. They present a unique optimization challenge because
they transform the problem from optimizing a completely
specified Boolean function to optimizing a Boolean relation,
enabling additional gate reductions.

IV. METHODOLOGY

In this section, we describe the implementation details
of æSIP, following the order of its workflow as shown in
Figure 4.

A. Synthesis Based Rewrite Rules Discovery

Manually crafting rewrite rules for each instruction in
RV32IM is both tedious and error-prone [43]. To systemat-
ically discover rewrite rules that are both correct and effective
for gate reduction, we developed a synthesis tool by extending
and repurposing Greenthumb [56], a superoptimizer construc-
tion framework, as shown in Figure 5. The tool consists of
(1) a RISC-V verification engine that checks each instruc-
tion sequence for semantic equivalence against the original
instruction via SMT solving, and (2) four search algorithms
that independently propose candidate sequences.

1) RISC-V Verification Engine: We implement a RISC-V
simulator and validator with Greenthumb’s data structures to
enable formal equivalence checking of candidate rewrites. In
RV32IM, the program state is modeled as a tuple of registers
and memory, State = R×M, where R = {f | f : B5 → B32}
and M = {f | f : B32 → B8}, B = {0, 1}.

Each instruction defines a transformation on the program
state: JinstK : State → State. An instruction sequence can
therefore be composed as:

JSK = JinstnK ◦ · · · ◦ Jinst1K.

TABLE II
REPRESENTATIVE REWRITING RULES IN ÆSIP

Original Rewritten rules Method

I-type (8 rules)

xori xor rs (addi x0 imm) G
ori or rs (addi x0 imm) G
andi and rs (addi x0 imm) G
slli sll rs (addi x0 imm) G
srli srl rs (addi x0 imm) G
srai sra rs (addi x0 imm) G

Arithmetic (17 rules)

or xor (xor rs1 rs2) (and rs1 rs2) G
add sub rs2 (sub x0 rs1) G
and sub rs1 (sub (or rs1 rs2) rs2) G
xor sub (or rs1 rs2) (and rs1 rs2) G

Branch (14 rules)

blt seq (bge rs1 rs2 +8) (jal tag) L
jal beq a a tag L

Mult/Div (8 rules)

mul callmul sequence using <add addi andi beq
srli slli bne jalr>

L

mulh mul sequence using <lui addi and srli mul
add srai sub>

L

div calldiv sequence using <blt beq bne bgeu
bge bltu addi slli sub or auipc jalr>

L

Ld/St (4 rules)

lh inline sequence using lw slli srai L
lbu inline sequence using lw andi L

G = discovered via existing search algorithms in Greenthumb [56];
L = discovered via LLM agent. Total: 51 rewrite rules. seq is pseudo
instruction to enforce the sequential relationship between instructions.

Finding rewrite rules thus involves synthesizing an instruc-
tion sequence Ssynth that produces the same state transfor-
mation as the original instruction sequence Sspec. Verifying
equivalence then reduces to proving the following relation:

Sspec ≡ Ssynth ⇐⇒ ∀σ, JSspecK(σ) = JSsynthK(σ),

where σ denotes the initial program state. With precisely
defined semantics for each instruction, we translate instruction
sequences into SMT formulas and prove equivalence using the
Z3 solver [27].

2) Search Algorithms: Instead of optimizing for perfor-
mance, our goal is to find equivalent sequences that reduce
overall distinct instruction usage. To achieve this, we constrain
the candidate instruction set to exclude the original instruction.
This forces the search algorithms to synthesize the original
instruction’s behavior using alternative instruction sequences.
More importantly, we prioritize instruction subsets that utilize
different hardware components, ensuring that the hardware
required by the original instruction can be safely removed to
reduce total chip area.

The three inherited search algorithms—symbolic, stochas-
tic, and enumerative—can synthesize rewrite rules for simple
arithmetic instructions within minutes. However, for complex
instructions such as mulh and div, these algorithms time
out after 12 hours even with 64 parallel search instances, as
the required rewrite sequences are lengthy and involve non-
obvious algorithmic patterns.
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Fig. 4. Overview of the æSIP workflow. Program synthesis is invoked once to derive verified rewrite rules. For given programs of interest, equality
saturation generates multiple semantically equivalent rewritten programs. Static analysis then automatically infers microarchitecture-level constraints, which
are subsequently incorporated into ASIP generation. Optionally, constraint-aware optimization can be applied to enable NRE exploration.

To address this limitation, we incorporate a neurosym-
bolic [77] refinement loop that uses an LLM (Claude Opus 4.5)
as a fourth search strategy [5]. Recent work has shown that
LLMs can capture structural algebraic transformations that are
difficult to enumerate symbolically [40], [42], [51], [54], [73].
We warm-start the LLM with expert-verified rewrite examples
drawn from existing RISC-V software emulation libraries
(e.g., the RV32I library routines for mul, div, and rem),
enabling it to generalize common patterns and propose seman-
tically plausible candidates. The LLM leverages knowledge
of known algorithms—for instance, it proposes convolution-
based and Karatsuba-based decompositions for efficient mulh
rewriting—that are impractical to discover through brute-
force enumeration [78]. Each candidate is then verified by
the SMT-based verification engine, and any counterexamples
produced by the solver are fed back to the LLM, forming a
counterexample-guided synthesis loop. In practice, the LLM-
guided search converges within several iterations when the
traditional algorithms fail to find solutions.

3) Comparison with Alternative Approaches: Pros: We
build our rewrite rule discovery framework on Greenthumb,
as it provides well-defined semantics for registers, memory,
program flags, and instructions. Additionally, it offers non-
LLM search strategies that provide better extensibility to
unseen or bespoke ISAs and avoid token costs. Cons: Green-
thumb assumes linear execution—programs are straight-line

Fig. 5. Overview of the rewrite rule discovery framework. The orange dashed
box encloses Greenthumb’s semantics library (Register, Memory, Instruction,
and Program Flag), upon which we build the RISC-V Simulator and Validator
(purple, center). The blue dashed box encloses Greenthumb’s three inherited
search algorithms (symbolic, stochastic, and enumerative). The LLM-guided
search (purple, right) is our addition. All four search algorithms propose
candidate sequences to the validator for formal equivalence checking. Note
that program flags are not used in RV32IM.

instruction sequences with no control flow. Specifically, no
program counter, or branch target is tracked. This prevents
us from formally verifying rewrite rules involving branch
instructions. We instead validate those rewrite rules via end-
to-end simulation by comparing the outputs of the rewritten
and original programs. Formal ISA specification frameworks
such as Sail [6], [10], [62] and ILA [37] provide more
systematic ISA modeling capabilities that may help address
that but do not include built-in search algorithms. Conversely,
rewrite rule discovery frameworks such as Ruler [50] and
Enumo [52] offer principled search strategies but are designed
for high-level algebraic domains rather than machine-level
ISA semantics; adapting them to reason about register-level
instruction equivalences would require non-trivial engineering
effort.

4) Results and Generalizability: Through the cooperative
effort of all four search algorithms, we obtained a total of 51
rewrite rules covering 26 distinct instructions. Representative
rules are shown in Table II. Our approach is designed to be
generalizable beyond RISC-V: Greenthumb already supports
ARMv7 and GA [32], a low-power, stack-based, 18-bit ISA.
Extending æSIP to a new ISA requires only implementing
the corresponding ISA simulator and validator within the
existing framework, by providing the semantics of the ISA’s
instructions. The search algorithms, and SMT solver are all
ISA-independent and can be easily reused, though LLM-
guided synthesis may be less effective for bespoke or novel
ISAs with limited training data.

5) Preservation of Turing Completeness: A natural con-
cern is whether aggressive instruction pruning might reduce
the ISA subset below the threshold of Turing completeness.
Classical results in computability theory establish that Turing
completeness requires three fundamental capabilities: arith-
metic/logic computation, conditional control flow, and memory
access [47]. In æSIP, every rewrite rule replaces an instruc-
tion with a semantically equivalent sequence that necessarily
retains at least one instruction from the same functional cate-
gory—a memory access cannot be emulated without a memory
instruction, nor a conditional branch without control flow. For
example, lh → lw+slli+srai retains a load, and blt →
bge+jal retains a conditional branch. Since rewriting never
vacates an entire functional category, the resulting ISA subset
is guaranteed to retain at least one representative from each
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category and therefore remains Turing-complete whenever the
original ISA subset is. A formal proof of this invariant is left
to future work.

B. E-Graph Based Hardware-Aware Program Rewriting

1) Preprocessing: We select well-studied embedded work-
loads from standard benchmark suites [35], [55]. Several appli-
cations invoke small library routines (e.g., string manipulation
or math helpers). To ensure that rewriting and instruction-
subset extraction operate on a closed program, we manually
inline these library functions into the application’s source code.
We then compile all benchmarks using the RV32IM toolchain.
Because the compiler emits pseudo-instructions (e.g., li, mv)
that are not directly implemented in hardware, we analyze
the generated assembly and expand all pseudo-instructions
into their canonical sequences of real RISC-V instructions,
producing a self-contained assembly program.

The resulting assembly contains no pseudo-instructions or
external symbols and serves as the direct input to our rewriting
engine. Consequently, all extracted variants remain valid stan-
dalone .s files that assemble into runnable binaries, which
disassembly-based rewriting approaches cannot guarantee.

2) Assembly-Level Local Saturation: Traditional compilers
suffer from the well-known phase-ordering problem: the ef-
fectiveness of an optimization depends critically on the order
in which transformations are applied. Equality saturation ad-
dresses this issue by applying all rewrite rules simultaneously
within an e-graph, ensuring that all semantically equivalent
program variants are represented.

However, applying full-program equality saturation directly
to real applications quickly becomes infeasible. Rewrite rules
interact non-locally and recursively expand the search space,
often resulting in combinatorial blow-up. In practice, the ex-
traction phase often dominates the overall runtime of equality
saturation [82], and the resulting complex e-graphs further
exacerbate the cost of extraction. Prior work either performs
coarse-grained saturation over high-level IRs [20], [84] or
restricts saturation to small local regions applied sequentially
[61], rather than allowing every instruction across the entire
program to participate in rewriting concurrently.

To make this tractable, we develop a divide-and-conquer
rewriting framework that accelerates both saturation and ex-
traction. Fig. 6 shows an overview of this workflow.

We first analyze the program’s control flow and partition
the entire application into a set of basic blocks. Our rewriting
engine then performs structured local saturation within each
basic block rather than saturating the full program monolith-
ically. For every basic block, we create a pseudo-root e-class
that serves as the anchor for all expressions derived within
that block. These locally saturated subgraphs are subsequently
merged into a single global e-graph by connecting all pseudo-
roots to a global root e-class. This construction captures the
full program’s equivalence space while avoiding the blow-
up associated with whole-program saturation, and enables ex-
traction to consider inter-block alternatives within one unified
global e-graph.

a3

and

and

and

sub xor

or xor

xor
t0

a1a1

a2

a0 t2 -1

ori

or

addi addsub

sub

sub

add

x0

bne

BB1 BB2

.L1

Global 
Pseudo Root

Basic
Block Roots

and t1,a0,a1
sub t2,a0,a2
or  t3,t1,a3
xor a0,a0,t3

BB1 Program E-Graph

add  a1,a2,t2
addi t0,t0,-1
bne  t0,x0,L1

BB2

Selected

E-Classes

Discarded

Pseudo Node

Fig. 6. Example of the divide-and-conquer rewriting workflow. Left: The
input program consists of two basic blocks. Color-coded instructions corre-
spond to the e-classes highlighted in the e-graph below. Right: The unified
program e-graph after local saturation and global ILP extraction. A global
pseudo-root (green) connects to per-block pseudo-roots, which anchor each
block’s local e-graph. In BB1, the sub node computing t2 is an orphan
e-class: it does not participate in BB1’s primary expression tree (rooted at
xora0,a0,t3) but must be preserved because BB2 consumes t2. The
orphan is linked to BB1’s pseudo-root to prevent the extractor from treating
it as dead code. Rewrite rules (e.g., or → xor(xor,and)) populate e-
classes with alternatives, and the ILP globally selects the combination that
minimizes instruction-type diversity under latency constraints.

In addition, any orphan e-classes—those that do not partici-
pate in a block’s primary expression tree but nonetheless corre-
spond to values used across basic blocks—are explicitly linked
back to the block’s pseudo-root. This prevents the extraction
phase from incorrectly treating cross-block dependencies as
dead code and ensures that instructions whose results are
consumed outside the local block are preserved.

3) ILP based Global Extraction: Local saturation builds
rich equivalence spaces within each basic block, but selecting
a concrete program requires globally consistent decisions. Tra-
ditional greedy extraction, which chooses the locally cheapest
e-node in each e-class, is insufficient because the objectives
we optimize depend on global instruction choices.

To address this, we cast extraction as a lightweight global
optimization problem and solve it using ILP [2]. We model
the e-graph as a set of e-classes E , where N (e) denotes the
set of e-nodes in e-class e ∈ E and O denotes the set of
instruction types. For each e-node n ∈ N (e) we introduce a
binary decision variable xe,n, while each e-class e is associated
with a binary activation variable ae indicating whether it is
selected in the extracted program. We also introduce a binary
variable yo for each instruction type o ∈ O, indicating whether
any e-node using type o is selected.

Let ce,n denote the local cost (e.g., latency) of e-node n,
and let wo denote a hardware-aware weight that captures
the area/power cost of instruction type o (e.g., multipliers
and dividers are assigned much larger wo than simple ALU
operations).

We define the ILP objective as:

min
x,a,y

λ
∑
o∈O

wo yo + (1− λ)
∑
e∈E

∑
n∈N (e)

ce,n xe,n, (1)

where the first term minimizes the set of distinct instruction
types used and the second term (scaled by a user-chosen
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factor λ) minimizes their total usage count. By adjusting the
relative scale between {wo} and λ, we can bias extraction
toward variants that minimize hardware area, reduce program
latency, or balance the two. Note that latency in the cost model
is estimated based on spike simulation. RTL simulation is
applied later for accurate evaluation. In practice, we sweep
a broad range of weight configurations to generate multiple
program variants, enabling exploration of the area–latency
tradeoff for the ASIP tailored to this application.

The constraints are summarized as follows. Let R ⊆ E
denote the set of pseudo-root and orphan e-classes that must
be extracted, let child(n) be the set of child e-classes of e-
node n, and let op(n) ∈ O be the instruction type of n. First,
each activated e-class must select exactly one e-node:

∀e ∈ E :
∑

n∈N (e)

xe,n = ae. (2)

All pseudo-root and orphan e-classes are forced to be active:

∀r ∈ R : ar = 1. (3)

If an e-node is selected, all of its child e-classes must be active:

∀e ∈ E , ∀n ∈ N (e), ∀e′ ∈ child(n) : xe,n ≤ ae′ . (4)

If an e-node is selected, the corresponding instruction type
must also be enabled:

∀e ∈ E , ∀n ∈ N (e) : xe,n ≤ yop(n). (5)

Finally, we forbid invalid self-cycles by assigning each e-class
an integer “level” ℓe and enforcing a strict topological order
whenever a parent–child dependency is selected:

∀e ∈ E , ∀n ∈ N (e), ∀e′ ∈ child(n),

xe,n = 1 ⇒ ℓe′ ≥ ℓe + 1
(6)

which we encode using a standard Big-M linearization in
the actual ILP.

Because pseudo-root and orphan e-classes are explicitly
forced active by (3), their corresponding basic blocks must
be extracted. The remaining constraints (2)–(6) follow the
standard formulation used in existing e-graph extractors, while
our additional operator-type variables yo and weights wo make
the optimization hardware-aware. Under these constraints, the
ILP solver naturally decomposes the optimization across basic
blocks: each block has its own root e-class and local e-nodes,
but all blocks share the same global operator-type variables yo.
This implicit block-level parallelism substantially accelerates
global extraction while preserving full semantic correctness,
reducing overall runtime from hours under monolithic extrac-
tion to seconds in our parallel block-wise workflow.

4) Postprocessing: Given the selected e-classes and e-
nodes from the global extraction phase, we reconstruct the
program by rebuilding the corresponding expression graph
and performing a postorder traversal to emit concrete assem-
bly instructions. Our framework automatically tracks operand
registers and assigns destination registers by inheriting the
original instruction’s rd whenever the rewritten instruction
belongs to the same e-class.

When a single instruction is rewritten into a longer se-
quence, additional temporary registers may be required. To
handle register pressure, we implement a lightweight linear-
scan–style [57] register allocator within each basic block that
reuses temporaries whenever their live ranges do not overlap
and spills to the stack only when free registers are exhausted.

C. Don’t Care Based µArch-Aware Agile ASIP Generator

Figure 7 illustrates the workflow of our constraint-driven
ASIP generator. The pipeline takes three user-provided
inputs—the baseline processor RTL, the rewritten program
from the equality saturation, and the memory configuration—
and produces a pruned ASIP through three stages: (1) deriving
microarchitectural constraints from the rewritten program and
memory configuration (§IV-C1); (2) translating these con-
straints into SystemVerilog assertions (SVA) and injecting
them into the baseline netlist (§IV-C2); (3) provable hardware
pruning via semiformal verification (§IV-C3).

1) Microarchitectural Constraints: Beyond ISA-level con-
straints, which restrict the decoder to only the opcodes present
in the rewritten program, we introduce (1) data-level con-
straints and (2) timing-level constraints for additional circuit
pruning.

Data-Level Constraints arise from the observation that
certain instructions operate on restricted data ranges despite
having wider architectural support. These include:

• Operand Width Constraints: Many instructions in practice
operate on data types narrower than the processor’s word
width. For instance, string processing routines frequently
manipulate only char (8-bit) values within 32-bit reg-
isters. When certain instructions never utilize the full
register width, the corresponding arithmetic units can
be simplified. For example, if multiply instructions only
process 16-bit operands, the upper multiplication logic
becomes redundant and can be safely removed.

• Immediate Value Constraints: Instructions with immedi-
ate operands often use only a small discrete subset of
possible values. For example, although the ISA supports
arbitrary shift amounts, programs typically use only a
small set of immediate values in shift instructions, en-
abling specialized, area-efficient implementations. Fur-
thermore, program rewriting can intentionally strengthen
these constraints. For instance, if srai (shift right arith-
metic immediate) operations use only the values 2 and
4, we can decompose them into sequences of srai by
2, trading a minor latency penalty for area savings when
srai by 4 is rarely executed.

Timing-Level Constraints capture the temporal behavior
of memory subsystems and other microarchitectural com-
ponents. These constraints reflect design-specific guarantees
about latencies and access patterns. For example, one can
assert that data/instruction cache hits complete within one
cycle while misses resolve within five cycles. These constraints
enable simplification of memory interface state machines,
removing states and transitions that handle scenarios outside
our specified bounds. Unlike data-level constraints, which are
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derived automatically from the rewritten program, timing-level
constraints are orthogonal to the program rewriting stage. They
depend on the memory subsystem assumptions provided by the
user, as shown in Figure 7. It is crucial that users validate these
timing constraints against their specific application workloads
and baseline processor microarchitecture. Invalid constraints
could lead to incorrect behavior in scenarios not covered by
the validation suite.

2) Constraint Translation and SVA Generation: As shown
in Figure 7, our automated tool statically analyzes the rewritten
assembly code to extract opcode usage and immediate value
usage, then feeds these into the SVA generator alongside
the user-provided memory configuration. Our SVA generator
automatically converts the constraints into SystemVerilog as-
sertions that formally specify the EDC.

ISA-level and immediate value constraints are derived via
static analysis of the rewritten assembly code, requiring no
simulation. Operand width constraints, however, require dy-
namic profiling (cycle-level simulation) for precise character-
ization. This trades generality for more aggressive special-
ization, as the resulting ASIP would only be functionally
equivalent for applications exhibiting the same operand width
patterns. In this work, we restrict ourselves to statically
derivable constraints to preserve broader applicability.

Representative assertions for each category include:

ISA Constraint

# Only Allow Some opcodes.
assume ((i_rdata[1:0] != 2'b11) || (
(((i_rdata[31:0] & 32'hfe00707f) == OP_ADD))
|| (((i_rdata[31:0] & 32'hfe00707f) == OP_MUL))))

Data Constraint

# Shift right amount must be 1 or 2.
assume ((opcode == SRAI) |-> (shamt inside {1, 2}));

Timing Constraint

# Data cache misses are resolved within five cycles.
assume (dcache_miss |-> ##[1:5] dcache_response);

3) Semiformal Verification for Gate Pruning : The first
challenge lies in formally proving that a gate can be safely
removed under the specified EDC. Exhaustive verification via
complete state-space exploration is computationally intractable
for industrial-scale designs. For example, Linear Temporal
Logic (LTL) model checking scales exponentially with the
number of state elements [11], [36].

Therefore, we employ a semiformal verification approach
based on k-step induction (k-induction) [48]. Instead of
computing the complete reachable state space, k-induction
relies on Bounded Model Checking (BMC) to prove that
if a property holds for an arbitrary sequence of k states,
it logically implies its validity in the (k + 1)-th state. By
restricting the solver’s scope to a localized, finite temporal
window rather than an unbounded time frame, this method
trades strict completeness for substantial gains in scalability.

While a property may remain undecidable if its inductive
invariant requires a depth greater than k, empirical evaluations

Fig. 7. Pipeline of the constraint-driven ASIP generator. User inputs (baseline
processor RTL, rewritten program, and memory configuration) are analyzed to
extract opcode and immediate value usage. The SVA generator produces ISA-
level, data-level, and timing-level constraints as SystemVerilog assumptions.
These are used during error injection and node equivalence based pruning.
The scorr engine in abc performs k-step induction to identify and prune
provably equivalent nodes. The dsec engine, also based on k-step induction,
verifies sequential equivalence in the presence of injected stuck at 0/1 faults,
enabling further optimizations.

demonstrate that modest values (typically 2 ≤ k ≤ 5) are suf-
ficient to efficiently identify the vast majority of opportunities
while maintaining practical runtimes.

The second task is to identify which gates can be pruned.
We leverage two complementary techniques [45], both ver-
ified via k-induction. Sequential resubstitution: the scorr
engine identifies pairs of nodes that are functionally equivalent
considering all reachable states under the EDC and replaces
one with the other. Sequential redundancy removal: we inject
stuck-at-0/1 faults into individual nodes and use the dsec en-
gine to verify whether the faulted circuit remains sequentially
equivalent to the original under the EDC. Nodes proven to
be sequentially redundant—i.e., stuck at a constant across all
reachable states—are removed.

In summary, our contributions are the automated con-
straint derivation and implementation of error-injection-based
gate pruning. scorr and dsec are existing commands in
abc [15], [48].

D. End-to-End Validation

As a hardware–software co-design framework, æSIP is
designed to be fully end-to-end and practically deployable.
Although we prune the microarchitecture, we neither introduce
new instructions beyond the original ISA (RV32IM) nor alter
pipeline depth, issue width, or branch prediction. The pruned
processor therefore remains fully compatible with the unmod-
ified RISC-V toolchain for simulation and verification. Note
that ISA-level compatibility (drop-in toolchain support) and
microarchitectural specialization operate at different levels: the
pruned processor executes every instruction in the selected
ISA subset with architecturally correct results, a property
guaranteed by our don’t care-based hardware pruner.

We validate end-to-end correctness by executing rewritten
programs on spike with pk across all 22 benchmarks from
MiBench and EmBench. For MiBench applications, we com-
pare outputs between the rewritten and original programs. For
EmBench applications, we use the built-in verify function
and the program exit code to confirm correctness.
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E. Hardware-Software-Ecosystem Codesign for NRE Reduc-
tion

A key challenge in ASIP development is the substantial
Non-Recurring Engineering (NRE) cost of tapeout, verifica-
tion, and tool-flow customization [26], [30], [68], [71]. Prior
approaches [8], [11], [38], [58], [59] target single applications,
limiting NRE amortization across the families of related work-
loads typical of embedded domains [39].

æSIP introduces a hardware–software–ecosystem co-design
strategy that largely sidesteps this trade-off through ISA con-
vergence. Rather than taking the union of each application’s
original ISA requirements—which grows with every addi-
tional workload and erodes specialization—æSIP rewrites each
program toward a common ISA subset before forming the
union. Because the rewriting engine can often eliminate the
instructions that would have caused ISA expansion, adding a
program to a cluster does not necessarily enlarge the shared
ISA, allowing a single ASIP instance to serve an entire sub-
ecosystem while preserving most of the specialization benefit.

The designer need not manually select which applications to
group; the ILP formulation (Section IV-B3) takes the desired
number of ASIP variants k as input and jointly assigns
programs to chips and selects rewrite variants to minimize
the global objective. The only user-facing decision is k itself,
which reflects a business-level NRE budget.

Designers are also not required to anticipate future appli-
cations at design time. When a new application arrives post-
tapeout, æSIP attempts to rewrite it into the ISA subset of an
existing ASIP. If the latency overhead is acceptable, no new
hardware is needed; otherwise, the ecosystem optimization is
re-run with k+1 variants. Rewriting between arbitrary Turing
complete subsets is theoretically possible but would require
a much larger ruleset that slows saturation and extraction
without guaranteed area benefit; we leave this exploration to
future work.

V. EVALUATION

We target the Ibex RISC-V core [44] in its Small config-
uration (2-stage pipeline, no branch prediction) with RV32IM
support and evaluate on embedded workloads from MiBench
and EmBench [35], [55]. All reported area and power num-
bers reflect logic only (including the synthesized register
file) and exclude memory structures (instruction/data caches
and SRAM); cycle-accurate latency is measured via RTL
simulation with both instruction and data caches enabled.
The rewriting engine uses egglog [79], [85] for equality
saturation and Rosette v1.1 / Racket 6.7 [29], [72] for program
synthesis. Compilation uses riscv32-unknown-elf-gcc
(GCC 15.1) with -O3 [60]. All experiments run on an AMD
EPYC 9575F 64-Core server.

For area and power we adopt a two-fold flow:
Yosys 0.33 [80] + OpenSTA [21] for rapid design space
exploration (e.g., sweeping 27 λ values in Equation 1), and
Cadence Innovus [16] with the SkyWater 130nm library [28]
at iso-frequency 25 MHz for final place-and-route results. We
also evaluate on the PPDK standard cell library (1.0 V, 25°C,

typical corner) to demonstrate applicability to printed elec-
tronics. Printed technologies such as PPDK are characterized
by dominant static power (99%) and large transistor feature
sizes, resulting in substantial die area (67.53 cm2 reported for
a RISC-V core [17]) — making area reduction particularly
impactful.

A. Minimal-Instruction-Usage Design via Program Rewriting
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Fig. 8. Comparison between original program and æSIP rewritten programs
with the minimal-instruction-usage. Up to 46.4% instructions can be safely
removed without affecting functional correctness of target program. Besides,
the instruction composition before and after rewriting are shown in different
colors.

We statically analyze the rewritten assembly code to char-
acterize the instruction usage reduction achieved by æSIP
by comparing the distinct instruction types in the original
programs against the minimal-instruction-usage variants.

As shown in Figure 8, each program utilizes only a subset
of all 45 instructions supported by RV32IM. SOTA ASIP
design frameworks such as PDAG [11] and RISSP [58] lever-
age this observation to prune unused hardware components.
Our program rewriting framework further reduces the distinct
instruction count by 31.8% on average (up to 46.4% for md5),
enabling additional area optimization with the don’t care-based
ASIP generator.

The rewriting achieves broad coverage across instruction
categories, demonstrating the effectiveness of the synthesis
based rewrite rules discovery and e-graph based hardware-
aware program rewriting. All complex arithmetic instructions
(Mul/Div) are fully eliminated across every benchmark, simple
arithmetic and branch instructions are reduced by 33.3% and
31.9% on average, respectively, and memory instructions see
a more modest 8.1% reduction.

B. Multi-objective Optimization

In this section, we present the ASIPs optimized using
æSIP and compare against SOTA ASIP design frameworks.
We select PDAG [11] as the representative ASIP design
methodology, which prunes unused hardware from the baseline
processor using ISA-level constraints derived from software
profiling. We report results for two optimization objectives:
minimum area and minimum energy, with all values normal-
ized to the ASIP generated using PDAG’s methodology.
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TABLE III
MINIMUM-AREA VARIANT SELECTION NORMALIZED TO PDAG [11], UNDER 1.2× LATENCY CONSTRAINT AND UNCONSTRAINED SETTINGS.

PDAG (baseline) 1.2× latency Unconstrained

SKY130 PPDK SKY130 PPDK SKY130 PPDK

Benchmark Area (µm2) Power (mW) Area (cm2) Power (mW) ∆Area ∆Power ∆Area ∆Power ∆Area ∆Power ∆Area ∆Power

basicmath 1.31 × 105 4.4 1.41 × 102 659.4 -2.9% -2.3% -3.2% -2.7% -29.5% -22.2% -23.3% -18.7%
bitcnts 1.16 × 105 4.0 1.21 × 102 580.7 -21.9% -16.4% -14.7% -10.2% -21.9% -16.4% -14.7% -10.2%
combined 1.23 × 105 4.1 1.29 × 102 605.5 -8.5% -5.2% -9.6% -6.8% -23.9% -15.7% -15.9% -11.0%
dijkstra 1.22 × 105 4.0 1.29 × 102 603.6 -8.0% -3.7% -8.2% -5.9% -23.6% -13.6% -19.2% -13.7%
edn 1.14 × 105 3.9 1.21 × 102 577.4 -1.2% -1.8% -2.1% -1.4% -18.0% -10.6% -9.9% -6.6%
huffbench 9.05 × 104 3.3 1.08 × 102 536.6 -0.1% -0.2% -6.0% -4.5% -0.1% -0.2% -6.0% -4.5%
nsichneu 9.29 × 104 3.4 1.03 × 102 517.6 -3.3% -4.9% -0.6% -0.5% -3.3% -4.9% -0.6% -0.5%
slre 9.31 × 104 3.4 1.08 × 102 537.1 -2.5% -3.2% -6.4% -4.8% -2.5% -3.2% -6.4% -4.8%
statemate 9.35 × 104 3.4 1.00 × 102 508.8 -3.0% -2.5% 0.0% 0.0% -3.0% -2.5% 0.0% 0.0%
ud 1.27 × 105 4.4 1.39 × 102 652.0 -0.1% 1.4% -2.3% -1.8% -27.3% -22.3% -22.3% -17.8%
wikisort 1.30 × 105 4.5 1.40 × 102 656.8 -14.0% -15.5% -16.4% -13.9% -28.3% -23.4% -22.5% -17.9%
matmult-int 1.22 × 105 4.0 1.31 × 102 615.1 -8.5% -3.0% -9.6% -7.0% -24.0% -13.3% -17.5% -12.5%
md5sum 9.35 × 104 3.5 1.09 × 102 538.9 -0.5% -1.7% -4.7% -3.6% -0.5% -1.7% -4.7% -3.6%
mont64 1.12 × 105 3.9 1.20 × 102 576.3 0.0% 0.0% -1.7% -1.1% -17.2% -12.7% -13.5% -9.3%
patricia 1.27 × 105 4.4 1.20 × 102 578.0 -27.0% -21.2% -13.4% -9.6% -27.0% -21.2% -13.4% -9.6%
picojpeg 1.15 × 105 3.9 1.21 × 102 580.3 -0.5% 1.0% -0.7% -0.5% -18.8% -12.4% -10.8% -7.3%
primecount 1.16 × 105 4.0 1.21 × 102 578.3 -3.5% -4.4% -2.3% -1.7% -20.2% -15.0% -10.3% -6.8%
qsort-num 1.22 × 105 4.0 1.29 × 102 604.7 -2.2% -0.7% -1.1% -0.6% -23.7% -14.2% -17.5% -11.7%
qsort-str 9.32 × 104 3.5 1.08 × 102 536.9 -2.5% -3.9% -5.5% -3.8% -2.5% -3.9% -5.5% -3.8%
rijndael 1.22 × 105 4.2 1.32 × 102 629.3 -8.2% -10.4% -10.8% -10.0% -23.5% -18.6% -17.9% -14.8%
sha 9.32 × 104 3.4 1.05 × 102 527.7 -2.1% -2.5% -3.9% -3.1% -2.1% -2.5% -3.9% -3.1%
tarfind 1.16 × 105 4.0 1.21 × 102 579.8 -3.0% -2.6% -1.9% -1.5% -19.4% -14.0% -10.5% -7.1%

Geomean -5.9% -4.9% -5.8% -4.4% -17.0% -12.3% -12.4% -9.0%

a) Minimum Area: To accommodate diverse latency re-
quirements, we report the best-area variant under both a 1.2×
latency constraint and an unconstrained setting; all compar-
isons are at iso-frequency. Under the 1.2× constraint, æSIP
achieves geometric-mean area reductions of 5.9% (SKY130)
and 5.8% (PPDK) over PDAG, with power reduced by 4.9%
and 4.4%, respectively. The unconstrained setting enables
more aggressive area reduction: geometric-mean area reaches
17.0% under SKY130 and 12.4% under PPDK, with corre-
sponding power reductions of 12.3% and 9.0%. Individual
benchmarks such as basicmath (−29.5%) and wikisort
(−28.3%) demonstrate the largest area savings under the
unconstrained setting.

Table III shows that PDAG achieves substantial area re-
duction when programs utilize only small instruction subsets,
particularly those excluding complex instructions like mul
or mulh. For instance, nsichneu uses only 16 instruc-
tions without complex operations and benefits significantly
from ISA pruning. However, programs like bitcnts and
dijkstra see limited benefit under PDAG, as they require
complex instructions like mul despite their low usage.

æSIP, on the other hand, achieves up to 29.5% and on
average 17.0% additional area reduction compared to PDAG.
This improvement stems from two key factors. First, program
rewriting significantly reduces instruction usage, enabling
more aggressive ISA-level constraints and area reduction.
For example, multiplication-related rewrite rules automatically
generated by the neuro-symbolic program synthesis engine ex-
press mulh/mulhu/mulhsu via convolution- or Karatsuba-
style decompositions [78]; these rules are explored by the
equality-saturation engine to eliminate upper-bit multiplication
logic when profitable under the cost model. Second, data-level

and timing-level constraints unlocks optimization opportuni-
ties, including memory system state machine and barrel shifter
simplification, even when rewrites are inapplicable.

Note that the area reductions under PPDK are smaller than
under SKY130 because flip-flops dominate the area budget in
printed electronics [13], and our current framework does not
target flip-flop pruning.

b) Minimum Energy: Table IV shows the best-energy
variant for each benchmark under both technologies. We
scale each variant’s frequency to its maximum achievable
value; this preserves dynamic energy while reducing static
energy by shortening execution time. The geometric-mean
energy reduction is 4.1% and 6.3% for SKY130 and PPDK
respectively. Benchmarks such as bitcnts (−16% SKY130)
and wikisort (−22% PPDK) benefit the most, where area
reduction and frequency upscaling combine to lower energy.
Although pruning complex hardware units reduces area and
power, program rewriting also reduces ISA expressiveness,
increasing cycle counts for the rewritten instruction sequences.
Consequently, the energy savings are moderate in aggregate.
Larger reductions could be achieved by combining the cur-
rent instruction-reduction technique with instruction fusion to
efficiently execute commonly occurring computational pat-
terns [8], [31], [46], [76]; we leave this to future work.

C. Area-Latency Trade-off Analysis

In this section, we present the latency-area trade-off ex-
ploration supported by æSIP to address varying latency con-
straints [9], [12], [58]. æSIP achieves aggressive hardware
pruning through program rewriting, which generally increases
cycle count (e.g., rewriting mul via shifts and adds can
expand execution to hundreds of cycles). However, removing
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TABLE IV
MINIMUM-ENERGY VARIANT SELECTION NORMALIZED TO PDAG [11],

UNDER SKY130 AND PPDK TECHNOLOGIES.

SKY130 PPDK

Benchmark Area Power Freq Energy Area Power Freq Energy

basicmath 0.97 0.93 0.95 0.98 0.97 1.01 1.13 0.90
bitcnts 0.78 1.24 1.49 0.84 0.85 0.92 1.08 0.85
combined 0.97 0.94 0.96 0.98 1.00 1.00 1.00 1.00
dijkstra 0.98 1.02 1.03 0.99 0.92 0.95 1.01 0.98
edn 0.99 1.04 1.06 0.98 1.00 1.00 1.00 1.00
huffbench 1.00 1.06 1.06 1.00 0.94 0.96 1.01 0.96
nsichneu 0.97 0.90 0.95 0.95 1.00 1.00 1.00 1.00
slre 0.97 0.96 0.99 0.97 0.99 1.00 1.02 0.97
statemate 0.97 1.07 1.10 0.97 1.01 1.01 1.03 0.98
ud 1.00 1.00 1.00 1.00 0.98 1.01 1.12 0.90
wikisort 0.87 0.92 1.05 0.88 0.85 0.90 1.17 0.78
matmult-int 0.91 0.80 0.83 0.98 0.91 0.95 1.04 0.92
md5sum 1.00 0.93 0.94 0.99 1.00 1.00 1.00 1.00
mont64 1.00 1.05 1.06 0.99 0.98 1.02 1.12 0.91
patricia 0.74 1.19 1.52 0.87 0.87 0.92 1.07 0.95
picojpeg 1.00 1.00 1.00 1.00 1.01 1.03 1.11 0.93
primecount 0.96 0.99 1.04 0.96 0.98 1.01 1.10 0.91
qsort-num 0.98 1.08 1.09 0.99 1.00 1.00 1.00 1.00
qsort-str 0.97 0.98 1.02 0.96 0.94 0.96 0.97 0.99
rijndael 0.92 0.87 0.97 0.90 0.90 0.92 1.09 0.85
sha 0.98 0.92 0.94 0.98 0.99 1.00 1.04 0.96
tarfind 0.97 0.95 0.98 0.97 1.00 1.04 1.14 0.90

Geomean 0.95 0.99 1.04 0.96 0.96 0.98 1.06 0.94

instructions also shortens the critical path, allowing frequency
upscaling that partially compensates for the increased cycle
count.

To address these concerns, æSIP explores the latency-area
trade-off by tuning λ in the cost model: λ × Area + (1 −
λ) × Latency, which guides program rewriting. We sweep
27 values of λ from 0 to 1, with finer granularity near λ =
0 (where the cost model is area-dominated) to capture the
steep region of the trade-off curve. Each variant comprises its
rewritten program, area, frequency, and latency. The resulting
Pareto frontier based on area and latency enables architects to
select variants tailored to their requirements.

Figure 9 (left) presents Pareto frontiers for all eight
MiBench benchmarks in SKY130 library. Workloads such as
bitcnts, qsort-small, patricia, and sha achieve
both smaller area and shorter latency—up to 29% area re-
duction with 0.79× latency—because complex arithmetic con-
stitutes a negligible fraction of their execution, so rewriting

it introduces minimal cycle penalty while the simplified dat-
apath increases frequency. For workloads like basicmath
and rijndael, completely removing all complex instruc-
tions achieves ∼29% area reduction but incurs large latency
increases. However, intermediate Pareto-optimal variants—
obtained by selectively rewriting subsets of instructions—
achieve 8–15% area reduction with less than 1.1× latency
overhead, as seen in dijkstra (−14.4% area, 1.02×) and
rijndael (−14.6% area, 0.94×). These constrained variants
therefore also improve the area–delay product (ADP) over
PDAG, confirming that æSIP’s gains are not limited to area-
only optimization. We note that some variants exhibit a slight
area increase over the PDAG design despite disallowing more
instructions. This occurs because the don’t care based pruner
operates at the and-inverter graph level, and the downstream
synthesis tool may not always recover a smaller netlist from
the pruned representation.

Figure 9 (right) summarizes the Embench-IoT results as
geometric-mean area reduction over PDAG at increasing la-
tency budgets. Note that a large variance exists as PDAG
performs fairly well if the program is already very simple.

The two constraint levels in Figure 9 also serve as an
ablation study. The “ISA-level only” series isolates the con-
tribution of program rewriting: it applies the same rewrite-
driven ISA pruning as full æSIP but uses only opcode-
presence constraints, comparable to augmenting PDAG with
our rewriting front-end. The “µArch-aware” series adds data-
level and timing-level constraints on top. Across the MiBench
benchmarks, µArch-aware constraints consistently push design
points to lower area at comparable latency, with the gap
most pronounced for workloads that retain complex instruc-
tions (e.g., dijkstra, rijndael) where barrel-shifter and
memory-subsystem simplifications provide additional savings
beyond ISA-level pruning.

D. Ecosystem-Level ASIP Sharing and NRE Reduction
Practical deployment requires amortizing non-recurring en-

gineering (NRE) cost across an evolving ecosystem of work-
loads. æSIP targets this requirement by jointly optimizing
program rewriting and ISA-subset customization so that a
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Fig. 10. (Left) Area–latency Pareto frontier under different maximum
numbers of ASIP variants. Both axes report normalized values. Even with only
a few ASIPs, æSIP achieves near-optimal specialization while greatly reducing
NRE cost. (Right) Generalization of shared ASIPs to unseen workloads
(n = 3). We compare three configurations: (1) test_global, where NRE
optimization is performed jointly across all programs; (2) test_best, where
ASIPs are optimized specifically for the test programs; and (3) test_train,
where ASIPs are learned from the training set and applied to the test programs.

small set of shared ASIP variants can efficiently support many
applications, rather than building a bespoke ASIP for each
program.

To quantify this ecosystem-level sharing, we use the full
set of program variants generated by the rewriting pipeline.
We formulate this as a constrained optimization problem.
Given a budget of num-chip ASIP variants, we jointly select
one variant per program and extract num-chip distinct ISA
subsets, such that every program can be mapped to one of
these subsets. Intuitively, num-chip controls the degree of
sharing: smaller values enforce broader ISA coverage per
ASIP, whereas larger values allow more specialization.

Figure 10 shows the resulting area–latency Pareto frontiers
under different num-chip budgets. When the system is
constrained to very few ASIPs (e.g., num-chip=1 or 2), each
shared ISA subset must include nearly the union of instruc-
tion types used across the suite, leaving limited hardware-
pruning headroom and making area–latency trade-offs brit-
tle. As num-chip increases, each ISA subset becomes in-
creasingly specialized, enabling more aggressive hardware
trimming and significant area reductions. Remarkably, with
only a few ASIP variants, æSIP recovers the majority of
the benefits achieved by full per-application specialization
(num-chip=22). All metrics are normalized to the baseline
ibex per program and reported as the geometric mean across
benchmarks. At num-chip=5, æSIP achieves a 17.3% area
reduction with only 11.9% latency overhead, compared to
22.4% area reduction and 15.1% latency overhead under
full per-application specialization (num-chip=22). The gap
of ∼5 percentage points—despite each ASIP serving 5–6
programs—demonstrates that rewrite-driven ISA convergence
preserves most of the specialization benefit. This is not a
simple sacrifice of customization depth: without rewriting,
sharing would force the ISA to the union of all original instruc-
tion sets, eliminating most pruning opportunities. Rewriting
narrows each program’s ISA footprint before the union is
taken, keeping the shared subset close to what per-application
optimization would produce.
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Fig. 11. Tool runtime versus instruction count. Bars show the runtime
breakdown of saturation, extraction, and scorr pruning for each benchmark.

Beyond demonstrating that only a few ASIP variants suffice,
we also evaluate whether shared ASIPs generalize to unseen
workloads. We randomly split the benchmarks into 70% train-
ing and 30% test sets, run the NRE optimization only on the
training set, and select the Pareto-optimal design for a target
budget num-chip=n. The resulting n ISA subsets are then
injected as fixed constraints during extraction when rewriting
the test programs, enforcing a subset-to-subset mapping.

Figure 10 (right) reports results for n = 3. We compare
three configurations: test_global (NRE optimization over all
programs), test_best (NRE optimization tailored to the test
set), and test_train (ASIPs derived from the training set and
applied to the test programs). Despite the test programs being
unseen during ASIP design, test_train achieves performance
close to test_best, and even outperforms test_global, demon-
strating that hardware-aware rewriting enables effective subset-
to-subset mapping to shared ASIPs.

Overall, these results demonstrate that æSIP enables sub-
stantial ecosystem-level NRE amortization while preserving
the benefits of specialization. The rewrite-driven ISA conver-
gence not only makes multi-workload ASIP sharing feasible
today, but also ensures that future workloads introduced over
time can be rewritten to run on existing ASIPs, further
extending the value of each design.

E. Runtime Overhead

We evaluate the end-to-end runtime of our framework
across 22 benchmarks. For each benchmark, we generate one
saturation graph and 27 rewritten variants.

As illustrated in Figure 11, saturation time ranges from 1.2 s
to 32.4 s, while extraction time ranges from 0.3 s to 78.4 s, with
a median of 21.9 s. The scorr engine takes between 22.5 s
and 213.8 s, with a median of 25.0 s.

Hardware pruning dominates the overall framework run-
time, while the program rewriting stage remains relatively
lightweight. The program rewriting runtime generally scales
with instruction count, but even the largest programs complete
within tens of seconds, demonstrating the practical scalability
of our approach.

For comparison, performing global saturation and extraction
on the full program—while controlling the iteration budget to
keep the number of e-nodes and e-classes approximately the
same—times out after 1 hour. Similarly, PDAG-based pruning
under the RV32I baseline times out after 5 hours.
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With minimal engineering effort, we parallelize multiple
variants of the same program using multi-processing, enabling
the complete Pareto trade-off exploration to finish within 44
minutes.

VI. DISCUSSION

A. Code Size Analysis

A natural concern with program rewriting is the impact
on code size, since replacing compact instructions (e.g.,
mul) with equivalent multi-instruction sequences inevitably
increases the instruction count. We analyze the minimal-
instruction-usage variants, which represent the worst case
for code size expansion. Under a conventional fixed-width
32-bit encoding, these rewritten programs are on average
2.27× larger than the originals (Figure 12), with bench-
marks that heavily use Mul/Div instructions (e.g., mont64,
basicmath) experiencing the largest blowup.

However, because the rewritten programs use fewer distinct
instruction types, they are highly amenable to compressed
encoding. We apply Shannon’s source coding theorem to
compute the entropy lower bound on code size; Huffman
coding achieves within 0.5% of this bound across all bench-
marks. As shown in Figure 12, the entropy-coded rewritten
programs are on average 0.60× the size of the original 32-
bit programs. Even a simpler uniform encoding (⌈log2 N⌉ bits
per instruction, where N is the number of unique instructions)
incurs only modest overhead above the entropy bound while
preserving random-access decoding.

B. Modularity and Extensibility

A key design principle of æSIP is that its three stages—
rewrite rule discovery, equality saturation-based program
rewriting, and microarchitecture-aware hardware pruning—
are modular: each stage can be replaced or augmented in-
dependently (e.g., substituting Ruler [50], Enumo [52], or
Sail [6] for rule discovery). Retargeting to a new ISA requires
only four ISA-specific inputs: an ISA semantics model, in-
struction semantics in egglog, a synthesizable baseline core,
and an analytical hardware cost model. The core equality
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PDAG [11] reduces baseline area by 10.1% (geometric mean). æSIP achieves
13.0% reduction under ≤1.2× latency constraint and 24.6% unconstrained.
Per-benchmark latency ratios are annotated on the constrained bars.

saturation engine, and hardware pruning infrastructure remain
unchanged.

To demonstrate this extensibility, we apply æSIP to a
5-stage in-order RV32IM Rocket core [7]—a substantially
different microarchitecture from the 2-stage Ibex. As shown in
Figure 13, æSIP achieves a 24.6% area reduction (geometric
mean) with unconstrained latency, compared to 10.1% for
PDAG [11] alone. Under a ≤1.2× latency constraint, æSIP
still reduces area by 13.0% with only 1.07× latency overhead,
confirming that the framework generalizes across pipeline
depths and microarchitectural organizations.

VII. CONCLUSION

This paper presented æSIP, the first hardware-software co-
design framework that jointly optimizes program implementa-
tion and processor microarchitecture. By treating software as
mutable through verified rewriting, æSIP unlocks optimization
opportunities invisible to prior hardware-only or software-
only approaches. Evaluation on MiBench and EmBench shows
geometric mean area reduction of 17.0% and power savings
of 12.3% over SOTA ASIP generators, with full functional
correctness via end-to-end validation. Pareto-optimal designs
expose area–latency trade-offs for timing-critical applications,
and ecosystem-level ASIP sharing substantially reduces NRE
costs, making extreme customization viable even at modest
volumes.
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VIII. ARTIFACT APPENDIX

A. Abstract

In this section, we provide detailed information that will
facilitate the artifact evaluation process of æSIP. æSIP is
a hardware-software co-design framework that automati-
cally generates Application-Specific Instruction Set Proces-
sors (ASIPs) tailored to embedded applications. It combines
program synthesis, equality saturation (e-graphs), ILP-based
global extraction, don’t-care-based hardware pruning, and
ecosystem-level NRE optimization. For Artifact Evaluation,
we provide convenient scripts and a Jupyter notebook to
reproduce the key experiments in the paper, as well as a
tutorial on using æSIP. In the following, we summarize the
requirements and instructions to reproduce the experiments.

B. Artifact Check-list (Meta-information)

• Algorithm: Program synthesis for rewrite rule discovery,
equality saturation for exploring semantically equivalent
programs, ILP-based global extraction for selecting op-
timal instruction combinations, semiformal verification
(k-induction) for hardware pruning, and clustering for
ecosystem-level NRE reduction.

• Program: Python (≥ 3.12), Rust (for egglog), Racket
6.7 (for Rosette-based synthesis), C/C++ (for RISC-V
toolchain, Verilator, ABC).

• Compilation: riscv32-unknown-elf-gcc (GCC
15.1) with -O3, Conda environment for Python depen-
dencies, Rust/Cargo for egglog build.

• Docker image: Pre-built Docker image available
(polasip/esip:rv32im); alternatively, build from
provided Dockerfile.

• Dataset: MiBench (8 benchmarks) and EmBench-IoT (14
benchmarks), included in the repository.

• Run-time environment: Ubuntu 24.04 (Docker image)
or equivalent Linux system.

• Hardware: No special hardware required. Experiments
use CPU only for simulation/modeling. Recommended:
multi-core server (≥16 cores) for parallel variant evalu-
ation.

• Execution: Automated via Jupyter notebook
(artifact_evaluation.ipynb) and pipeline
shell scripts.

• Metrics: Area (µm2 for SKY130, cm2 for PPDK), power
(mW), frequency (MHz), latency (cycles and seconds),
energy, distinct instruction count, area-delay product.

• Output: Figures 8–10 and Tables III–IV from the paper;
Pareto frontiers, instruction usage profiles, area/power/en-
ergy comparisons.

• Experiments: Four experiments: (1) Minimal instruction
usage (Fig. 8), (2) Multi-objective optimization (Ta-
bles III, IV), (3) Area–latency trade-off (Fig. 9), (4)
Ecosystem-level ASIP sharing (Fig. 10).

• How much disk space required (approximately)? More
than 10 GB (Docker image ∼8 GB; output data ∼1 GB for
full 22-benchmark sweep).

• How much time is needed to prepare workflow (ap-
proximately)? Less than 30 minutes (pulling Docker
image and launching Jupyter).

• How much time is needed to complete experi-
ments (approximately)? Our fast design-space explo-
ration completes the full sweep of 22 benchmarks with 27
λ values in ∼2 hour, producing the corresponding rewrit-
ten code and pruned hardware designs. Optional post-
processing steps require additional time: RTL simulation
takes ∼3 hours, and place-and-route (PnR) takes another
∼6 hours.

• Publicly available? Yes.
• Code licenses (if publicly available)? MIT.
• Data licenses (if publicly available)? No data.
• Workflow framework used? Jupyter Notebook, Bash
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scripts, Python multiprocessing.
• Archived (provide DOI)? https://zenodo.org/records/

19560118

C. Description

We provide one software repository for evaluation. The
main framework (program rewriting, equality saturation, ILP
extraction, hardware synthesis, and postprocessing) is imple-
mented in Python and orchestrated by shell scripts. The Ibex
RISC-V core RTL is included as a submodule for hardware
synthesis and optional RTL simulation.

1) How to Access: For the artifact evaluation, please access
the framework from:

https://zenodo.org/records/19560118

Besides, pull the pre-built Docker image:

docker pull polasip/esip:rv32im-sta270

2) Hardware Dependencies: The experiments use CPU
only for simulation and modeling. No GPU or specialized
hardware is required. A multi-core server (≥16 cores) is
recommended for parallel evaluation of design variants. We
used an AMD EPYC 9575F 64-Core Processor for the results
reported in the paper.

3) Software Dependencies: The scripts are designed to run
on Linux systems. All dependencies are pre-installed in the
Docker image. Key dependencies include:

• Equality saturation: egglog 11.4.0
• Commercial software: Gurobi (requires a license) and

Cadence Innovus (requires a license).
• RISC-V toolchain: riscv-gnu-toolchain

(rv32im_zicsr_zifencei)
• ISA simulation: Spike RISC-V simulator + proxy kernel

(pk)
• RTL synthesis: Yosys 0.33, Synlig, sv2v v0.0.13
• Timing analysis: OpenSTA v2.7.0
• Logic optimization: ABC (Berkeley)
• RTL simulation: Verilator
• Python: 3.12, with numpy, scipy, pandas, matplotlib,

gurobipy, scikit-learn, networkx
4) Datasets: No external data sets are required. The

MiBench and EmBench-IoT benchmark sources are included
in the repository under the benchmark/ directory.

5) Models: No pre-trained models are required.

D. Installation

Please follow the instructions below to set up the environ-
ment. We recommend using the pre-built Docker image for a
reproducible setup.

# Pull the pre-built image
$ docker pull polasip/esip:rv32im

# Launch with Jupyter and Gurobi support
$ module load gurobi # if using shared server
$ docker run -it --rm \

-p 8888:8888 \
--security-opt seccomp=unconfined \
-v $(pwd):/workspace \
-v $GUROBI_HOME:$GUROBI_HOME:ro \
-e GUROBI_HOME=$GUROBI_HOME \
-e GRB_LICENSE_FILE=$GUROBI_HOME/gurobi.lic \
-e LD_LIBRARY_PATH=$GUROBI_HOME/lib \
polasip/esip:rv32im \
jupyter notebook --ip=0.0.0.0 \

--port=8888 --no-browser --allow-root

Alternatively, install dependencies manually by following
the Dockerfile and environment.yml for the Conda envi-
ronment (esip, Python 3.12).

E. Experiment Workflow

• Experiment setup. Pull the Docker image and launch the
Jupyter notebook (artifact_evaluation.ipynb).
The notebook is self-contained and walks through all ex-
periments step by step. Verify that all tools are accessible
(egglog, riscv32im GCC, spike, yosys, sv2v, sta, abc).

• Data preprocessing (Section 0–1 of notebook). Compile
MiBench benchmarks to RISC-V assembly, clean pseudo-
instructions, append software mul/div routines, and run
frontend analysis (basic block extraction, CFG, SSA con-
version). EmBench-IoT benchmarks are pre-compiled.

• E-graph-based program rewriting (Section 2). Run
equality saturation on all basic blocks, then perform ILP-
based global extraction across 27 λ values. Reconstruct
rewritten assembly files and verify functional equivalence
against the original via the Spike ISA simulator.

• Hardware-aware ISA pruning and synthesis (Sec-
tion 3). Extract instruction subsets from each variant,
generate DSL constraint files, and run parallel hard-
ware synthesis (Yosys/Synlig). Parse area and frequency
results, compute Pareto frontiers, and generate cross-
program summary tables. This step reproduces Fig. 9.

• Postprocessing (Section 5). Clone and patch the Ibex
core, build the Verilator simulator, and run cycle-accurate
RTL simulation for all variants (∼3 hours). Run place
& route (PnR) to obtain physical-design area and power
estimates. Aggregate results across all benchmarks, re-
compute energy metrics, and (re)generate remaining pa-
per figures and tables (Fig. 8, 9, 10, Tables III–IV).

F. Evaluation and Expected Results

If run successfully, you will reproduce Fig. 8 (instruction
usage reduction), Tables III–IV (area/power/energy), Fig. 9
(Pareto frontier), and Fig. 10 (ecosystem NRE).
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