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Abstract—The proliferation of generative AI and Large Lan-
guage Models (LLMs), with the availability of open-source
register-transfer-level (RTL) libraries, has drastically shortened
the time needed for RTL development. Hardware design is poised
to transition from traditional manual coding to parameterized
microarchitectural compilation. However, this rapid acceleration
in RTL generation has inadvertently exposed a severe bottleneck
in microarchitectural Design Space Exploration (DSE). Effective
DSE requires evaluating candidate architectures in terms of
functional performance (e.g., instructions per cycle) and physical
performance (e.g., achievable clock frequency). However, while
functional performance can be assessed using cycle-accurate
simulation, evaluating physical performance still relies on gate-
level logic synthesis, which often takes hours or even days to
refine and optimize microarchitectural configurations.

In this paper, we identify the primary bottleneck in current
chip design workflows as the semantic gap between microarchi-
tectural design and physical design, through which the original
design intent is irreversibly lost after logic synthesis. To address
this challenge, we introduce a new Circuit Intermediate Repre-
sentation (CIR) that preserves microarchitectural design intent
by connecting RTL functional semantics with the corresponding
synthesized gate-level netlist. On top of CIR, we build KAIROS,
an optimization framework for efficient microarchitectural ex-
ploration. By retaining word-level RTL operators and signal
names, KAIROS supports traceable operator-level critical path
analysis without suffering from the semantic loss inherent in gate-
level synthesis. In addition, we construct And-Inverter Graphs
(AIGs) for operator-level timing prediction and develop CIR-
based fan-out optimization and retiming techniques to identify
Pareto-optimal physical implementations. This framework thus
enables fast microarchitectural design space exploration with
RTL-level accuracy. Evaluated on 62 design points spanning
datapath, control, and memory components, from embedded
cores to industrial-scale designs (the NVDLA accelerator and the
CVA6 application-class core), KAIROS preserves post-synthesis
Fmax rankings with Spearman ρ=0.96, achieves 7.1–13.4%
frequency improvement on datapath circuits with 9.4% average
area overhead, and completes timing evaluation 113× faster than
synthesis on average across 41 designs, up to 213× on industrial-
scale designs.
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Fig. 1. Overview of the DSE evaluation gap (a) and the KAIROS solution
(b).

I. INTRODUCTION

The relentless demand for higher computational perfor-
mance in the Post-Moore era has intensified the focus on
domain-specific acceleration and application-specific inte-
grated circuits (ASICs) [1], [2]. In this landscape, time-to-
market has emerged as a critical competitive advantage, plac-
ing unprecedented pressure on hardware design methodologies
to achieve desired performance and energy efficiency. Recent
advances in high-level synthesis (HLS) tools (e.g., Bambu [3]
and Kiwi Compiler [4]), parameterized register-transfer-level
(RTL) generation frameworks (Chisel/Chipyard [5], [6], Blue-
spec [7], and PyMTL3 [8]), as well as large language model
(LLM)-based RTL generation approaches [9]–[16], have ex-
plored a variety of strategies to shorten the path from microar-
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1 | module mac (
2 |    input wire clk,
3 |    input wire [15:0] a, b,
4 |    input wire [31:0] acc_in,
5 |    output wire [31:0] acc_out
6 | );
7 |    wire [31:0] mult_result = a * b;
8 |
9 |         assign acc_out = mult_result + acc_in;
10| endmodule

1   | module mac ( clk, a, b, acc_in, acc_out);
2  |    input clk
…   |    …
7   |    wire n0, n1, n2 …
…   |    …
204 |    AND2x2 U951 (.A(n1419),.B(n766),.Y(n935));  
205 |    OR2x2 U969 (.A(n1419),.B(n767),.Y(n1086));
206 |    AO21x1 U934 (.A1(n354),.A2(n364),.B(n767),.Y(n918));
…   |    …
1728| endmodule
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Fig. 2. RTL (left) preserves operator semantics and named signals. The synthesized netlist (right) expands 10 lines into 1,728 lines, losing design intent.

chitectural design to RTL implementation. Moreover, LLM-
generated RTL is usually optimized for functional correct-
ness rather than physical quality. Even functionally correct
designs reach only about 64% of the area, delay, and power
efficiency of optimized reference implementations [10], [17],
and functional-correctness rates remain low on realistic de-
signs [18], so many candidate designs must be generated
and screened. Much of this efficiency gap can be recovered
at the RTL level [19], [20], which makes fast, traceable
identification of timing bottlenecks across many candidate de-
signs increasingly valuable. However, contemporary hardware
design flows address timing optimization through a multi-stage
process that spans from initial RTL development to final phys-
ical implementation. The critical challenge of timing closure
remains predominantly manual. Industry experience indicates
that iterative refinement, along with logic and physical syn-
thesis, remains the primary bottleneck for achieving timing
and design closure in complex digital hardware projects [21],
[22]. Repeated timing optimizations (e.g., register relocation
and optimization of high-fan-out nets) can extend schedules by
weeks or even months [21]–[26]. This tedious optimization
process not only delays product schedules but also restricts
the exploration of microarchitectural solutions due to the
extensive cost of timing validation. Figure 1(a) illustrates
this limitation: while functional performance (IPC) can be
evaluated in minutes, physical timing evaluation requires hours
of gate-level synthesis per design point.

The fundamental challenge lies in the semantic gap be-
tween RTL design and gate-level timing optimization. RTL
designs are naturally expressed using behavioral operators and
meaningful signal names that facilitate human understanding
and reflect microarchitectural design intent. However, existing
timing optimization techniques, such as retiming [27], [28],
buffer insertion [29], and fan-out management [30], operate
exclusively on synthesized netlists where this semantic in-
formation has been irreversibly lost through bit-blasting [31]
and Boolean optimization [32]. Consequently, timing improve-
ments discovered at the gate level cannot be easily mapped
back to RTL modifications, forcing designers to manually
interpret static timing analysis reports and apply ad-hoc reg-
ister repositioning strategies without holistic visibility into
interdependent timing paths. Moreover, gate-level optimization
in EDA is usually a black-box process. If the optimized design
fails to meet the target frequency, the entire synthesis flow
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Fig. 3. Proposed KAIROS Framework for Fast Microarchitectural Design
Space Exploration.

must be repeated, with limited insight into where further
improvements can be made. This limits the potential for fast
and automated microarchitectural design space exploration
(DSE) in future chip design flows, particularly in an era of
rapid RTL development.

Despite significant efforts to facilitate this process, prior
optimizations are still performed largely in isolation at each
stage of chip design. For example, post-synthesis performance
prediction [43]–[45], [55] has been studied to provide timing,
power, and area (PPA) estimation. However, these methods
still operate largely at the netlist level, where improving PPA
often requires substantial manual effort and relies heavily
on designer experience to refine microarchitectural decisions.
Motivated by this limitation, recent work has sought to elevate
PPA optimization to the RTL level, thereby improving the
interpretability of PPA behavior with respect to microarchitec-
tural design choices. RTL-Timer [47], for instance, annotates
timing slack at each register endpoint in RTL source code,
while Fake Timer [48] predicts signal arrival times at the
logic-block level. In parallel, compiler-driven frameworks such
as ROVER [50], [56] perform verified equivalence-preserving
rewrites on RTL datapaths, and AutoBridge [51] combines
floorplanning with pipelining for HLS-generated designs. On
the other hand, pre-RTL analytical frameworks such as Al-
addin [38] and Charm [39] estimate microarchitectural per-
formance and cost from high-level behavioral descriptions,
but they are unable to capture detailed PPA characteristics.



TABLE I
LANDSCAPE OF TIMING EVALUATION APPROACHES FOR HARDWARE DESIGN.

Method Category Representative Works Timing Method Fmax Pred.? RTL Traceable? RTL Optim.?
Cycle-accurate sim. gem5 [33], Assassyn [34], OmniSim [35] Perf. Simulation ✗ ✗ (arch. params) ✗

Analytical modeling McPAT [36], CACTI [37], Aladdin [38], Charm [39] Analytical Partial ✗ (arch. params) ✗

ML-assisted DSE BOOM-Explorer [40], ArchGym [41], DOSA [42] Surrogate ✗ ✗ (arch. params) ✗

RTL-level ML pred. MasterRTL [43], SNS [44], SNS v2 [45], ASAP [46] GNN / ML Partial (WNS) ✗ (design agg.) ✗

RTL timing annot. RTL-Timer [47], Fake Timer [48], CircuitSeer [49] GNN / ML Partial (slack) Partial (reg. endpts) ✗

Compiler-driven opt. ROVER [50], AutoBridge [51], Calyx [52] N/A ✗ ✓ (RTL/HLS) ✓

Gate-level synthesis Design Compiler [53], Genus [54] STA ✓ (exact) ✗ (netlist only) ✓

RTL timing pred.+opt. KAIROS (this work) AIG depth ✓ (struct.) ✓ (RTL operators) ✓

Unfortunately, prior frameworks are unable to preserve high-
level design intent through to the netlist level, limiting their
ability to enable fast and traceable microarchitectural design
space exploration.

This paper introduces KAIROS, a framework for rapid
microarchitectural design space exploration by bridging mi-
croarchitectural semantics down to the logic-gate level as
shown in Fig. 1(b), completing timing evaluation in minutes
rather than hours. KAIROS builds a Circuit Intermediate
Representation (CIR) that preserves RTL operators and signal
names, enabling critical-path analysis without the semantic
loss introduced by synthesis. A proposed AIG-based delay
model then assigns timing estimates to CIR nodes based
on their structural complexity, covering datapath operators,
control primitives, and memory interfaces. Beyond prediction,
KAIROS also supports RTL-level optimizations, such as fan-
out management and retiming, directly on the CIR, providing
both timing estimation and design improvement in a single
pass that completes within minutes. The framework can be
integrated into existing design tools to support fast microar-
chitectural design space exploration. The key contributions are
as follows:

• Circuit Intermediate Representation with AIG delay
model. We propose a Circuit Intermediate Represen-
tation that preserves RTL operators and signal names.
In addition, we develop a structural delay model based
on And-Inverter Graphs (AIGs) that estimates operator
delays without requiring technology-specific netlists and
generalizes across technology nodes without retraining.

• RTL-level Timing Optimization. We propose a tool that
allows the implementation of retiming algorithms based
on the proposed CIR, enabling automated RTL rewrites
that preserve the original design intent while improving
timing performance.

• Fast and Accurate Microarchitectural Design Space
Exploration. The proposed framework bridges microar-
chitectural semantics and logic-gate representations, en-
abling fast and accurate microarchitectural DSE. We eval-
uate 41 designs, from the Ibex RISC-V core and Open-
Titan IP blocks to industrial-scale designs (the NVDLA
deep-learning accelerator and the CVA6 application-class
core). The results show that the proposed framework
accelerates DSE by 113× on average, up to 213×,
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Fig. 4. Overview of the KAIROS framework.

compared with traditional design flows while preserving
ranking quality.

II. BACKGROUND AND MOTIVATION

Microarchitectural design space exploration requires eval-
uating each candidate design along two key axes: functional
performance, often measured in instructions per cycle (IPC),
and physical performance, captured by the achievable clock
frequency. The ultimate performance of a processor depends
on both. KAIROS focuses on the timing optimization of
specification-level DSE, while workload-level performance,
including IPC, can be evaluated using cycle-accurate ar-
chitectural simulators. These two analyses are complemen-
tary and can be combined through overall throughput, i.e.,
IPC×Fmax. In this workflow, the timing bottleneck reported
by KAIROS, including datapath, control, and memory-system
bottlenecks, identifies the microarchitectural optimization tar-
gets that should be further evaluated under workload-level
IPC studies. Thus, KAIROS provides early timing guidance
for specification-level design exploration, rather than replacing
cycle-accurate workload evaluation. Over the past decades,
functional performance has been widely assessed using cycle-
accurate simulators [33]–[35] and FPGA-based emulation
frameworks [57]. By contrast, physical timing evaluation
remains a key bottleneck, since estimating clock frequency
typically requires gate-level synthesis with commercial tools
such as Design Compiler [53].



1 | module mac (
2 |    input wire clk,
3 |    input a, b,
4 |    input [1:0] acc_in,
5 |    output reg [1:0] mac_out
6 | );
7 |    wire [1:0] mult_result = a * b;
8 |    always @(posedge clk) begin
9 |       mac_out <= mult_result + acc_in;
10|    end
11| endmodule

Original RTL

1 | module \mac
2 |  attribute \src "mac.v:3.8-3.9"
3 |  wire width 1 input 2 \a
4 |  attribute \src "mac.v:7.12-7.23"
5 |  wire width 2 \mult_result
6 |  attribute \src "mac.v:7.27-7.32"
7 |  cell $mul $mul$mac.v:72$1
8 |    parameter \A_SIGNED 0
9 |    parameter \A_WIDTH 1
10|    parameter \B_SIGNED 0
11|    parameter \B_WIDTH 1
12|    parameter \Y_WIDTH 2
13|    connect \A \a
14|    connect \B \b
15|    connect \Y $mul$mac.v:7$1_Y
16|  connect \mult_result $mul$mac.v:7$1_Y
17|  end

RTLIL Representation

a b acc
_in

clk

$mul

$dff

mac
_out

$add

Circuit IR

Node Attributes

Edge Attributes

{op_type: $mul,
src_loc: mac.v: 7.27-7.32
in_ports: [A, B]
in_width: [1, 1]
out_ports: [Y]
out_width: [2]}

{src_port: Y
src_bit: 0
dst_port: A
dst_bit: 0
name:mult_result}

Fig. 5. RTL and its corresponding RTLIL and Circuit IR.

Table I summarizes prior approaches for fast microarchitec-
tural design exploration, timing prediction, and optimization.
Cycle-accurate simulators, for instance, enable efficient func-
tional evaluation and report metrics such as instructions per
cycle, but existing frameworks [33]–[35] cannot predict timing
performance or offer direct guidance for microarchitectural
optimization. Analytical models [36]–[38] estimate area and
power from architectural parameters, yet they remain insuf-
ficient for predicting clock frequency or enabling automated
RTL and microarchitectural optimization. In addition, several
DSE frameworks [40]–[42] have been proposed for domain-
specific accelerators and processor designs. However, these
frameworks still have a limited ability to identify the optimal
clock frequency and to provide RTL-level traceability for
optimization and design refinement. This is because netlist
timing prediction operates on a low-level representation where
the semantic correspondence between RTL operators and syn-
thesized gates has been irreversibly lost. For example, Fig. 2
shows an RTL for a 32-bit fixed-point multiply-accumulate
functional unit. In RTL, the ∗ and + operators describe a
16-bit multiplication and a 32-bit addition, and the named
intermediate signal mult_result explicitly captures the output
of the multiplication before accumulation. Its corresponding
synthesized netlist shows this intermediate signal was re-
moved, because the multiplier and adder can be structurally
fused to form a fused multiply-add unit optimized at the gate
level. Furthermore, the 10 lines of RTL describing the MAC
unit expand into 1,728 lines of structural Verilog in the netlist,
replacing a concise, human-readable arithmetic description
with a low-level representation of interconnected gates.

With recent advances in shortening and automating RTL
development [5]–[16], new opportunities have emerged to sup-
port fast microarchitectural design space exploration together
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with physical performance evaluation. As shown in Fig. 3,
the stages of current ASIC design flows are optimized largely
in isolation, limiting the ability to perform fast and accurate
microarchitectural design space exploration. At the core of this
limitation is the semantic disconnect between high-level mi-
croarchitectural design intent and the synthesized netlist. This
motivates us to develop an intermediate representation that
preserves high-level design intent while enabling prediction
of physical characteristics.

III. KAIROS FRAMEWORK OVERVIEW

Figure 4 presents the KAIROS workflow. The framework
takes RTL as input and produces two outputs: a timing report
(predicted Fmax, critical path operators, bottleneck compo-
nent type) and an optimized RTL design. The entire flow is
elaborated as follows.

1 The frontend converts input RTL into a Circuit Inter-
mediate Representation (CIR) via the Yosys RTLIL infras-
tructure [58], preserving word-level operators and designer-
specified signal names. Unlike gate-level netlists, where syn-
thesis decomposes behavioral operators into bit-level gates and
eliminates named signals [59], the CIR retains a one-to-one
mapping between RTL operators and graph nodes, enabling
operator-level analysis and traceability [60], [61].

2 Each CIR node is classified by component type (dat-
apath, control, or memory) based on its RTLIL cell type,
and an AIG-based delay model assigns a timing estimate
appropriate to that type. The delay model uses AIG depth as
a technology-independent proxy for combinational delay, with
per-type scaling: linear for datapath operators, logarithmic for
control primitives, and analytical lookup for memory macros.

3 KAIROS computes the W (minimum register weight)
and D (maximum delay) matrices on the delay-annotated CIR
using the Floyd-Warshall algorithm. The longest combina-
tional path (where W=0) determines the predicted Fmax. The
operators on this path are the critical operators, and their
type classifications identify the bottleneck component type.
Because the CIR operates at the word level (hundreds of
nodes) rather than the gate level (millions of nodes), this
analysis completes in seconds to minutes per design point.

4 KAIROS also improves the RTL through two optimiza-
tion passes. Structural optimization targets high-fan-out CIR



1 | module adder2in (
2 |    input [1:0] A,
3 |    input [1:0] B,
4 |    output [2:0] S);
5 |    assign S = A + B;
6 | endmodule

2-bit Adder

Network structure visualized by ABC
Benchmark "adder2". Time was Fri Aug  1 02:22:50 2025. 

The network contains 13 logic nodes and 0 latches.
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Fig. 7. AIG-based delay model validation and scaling.

nodes through load isolation and splitting [62]–[65], tech-
niques traditionally applied at the gate level but adapted here to
operate on word-level operators. Sequential optimization then
performs global retiming [27], [66], repositioning registers via
Bellman-Ford relaxation [67] to minimize clock period while
preserving functional behavior.

5 The backend reconstructs synthesizable RTL through a
semantic-preserving translation that maintains original opera-
tor types and signal names. The architect repeats this workflow
for each design variant under consideration, obtaining timing
feedback across the full design space in hours rather than days.

IV. KAIROS METHODOLOGY

A. RTL-to-CIR Transformation

Intermediate representations for hardware design [58], [68],
[69] are well-established for representing circuits at differ-
ent levels of abstraction. The RTL Intermediate Language
(RTLIL), used in Yosys [58], models logic and memory using
an internal cell library at a word-level and gate-level granular-
ity. Since RTLIL cells are designed to closely resemble Verilog
operators, they retain a one-to-one mapping between RTL
operators and IR nodes. Furthermore, RTLIL passes over the
Verilog Abstract Syntax Tree (AST) to break down complex
Verilog constructs, such as generate and always blocks, into
simpler forms, enhancing the interpretability of the final RTL.
However, RTLIL is generated in a text-based format, which is
incompatible with graph-based retiming algorithms.

In this work, KAIROS frontend first converts the RTL,
R, into an RTLIL representation using Yosys. The result-
ing RTLIL is then parsed and transformed into a directed
multigraph GR = (VR, ER), referred to as the Circuit IR
(CIR), where VR represents RTL operators and registers, and
ER denotes data dependencies. Each RTLIL cell is translated
directly into a CIR node, with its corresponding parameters
encoded into a dictionary and stored as CIR node attributes.
For example, Fig. 5 shows the multiply operator, ∗, that
multiplies two 1-bit values a and b. Its result is assigned to an
intermediate signal, mult_result. The operator’s corresponding
RTLIL cell encodes the input operand width and uses a con-
nect construct to encode the connection between the operator
and the wires.
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Unlike a gate-level netlist, which represents logic at bit
granularity, CIR keeps operators at the word level. Con-
sequently, multiple edges can exist between two nodes to
represent the individual bits of an operator output, forming
a directed multigraph. This word-level representation reduces
the graph size by one to two orders of magnitude compared
to a gate-level netlist, making our timing analysis tractable in
seconds rather than hours. Each CIR node stores the operator
type (e.g., $add, $mux, $dff), its component classification,
input/output port widths, the original source location, and the
designer-specified signal name. Edges record source and des-
tination bit indices and port identifiers. Because the translation
from RTLIL to CIR is lossless, designs can be reconstructed
from CIR without any semantic degradation. While this ap-
proach applies to any hardware description language, we use
a subset of the IEEE Verilog-2005 standard throughout this
paper for consistency.

B. Delay Modeling for CIR Node

Timing prediction and optimization on the CIR require a
delay estimate for each operator node. Traditional static timing
analysis (STA) [70], [71] computes delays from technology-
mapped netlists, but CIR nodes lack gate-level detail. Gate-
level delay information cannot be mapped back to CIR op-
erators because logic synthesis transforms and merges logic
across operator boundaries. As Fig. 6 shows, a 2-bit add
operator is decomposed into half adders and full adders
whose boundaries are obscured by constant propagation and
redundancy removal. ML-based approaches [43], [47], [49],
[72], [73] have been proposed for early delay prediction, but
they rely on training data from specific technology nodes and
do not generalize without retraining.

To accurately and efficiently capture CIR node delay, we
propose using ABC-generated [74] AIG complexity metrics
as a pseudo operator delay. Specifically, logic synthesis ap-
plies extensive Boolean minimization techniques [75] before
mapping the RTL to technology-specific gate-level cells. As a
result, such optimizations are typically guided by heuristics,
since accurate physical characteristics are only available after
technology mapping. For example, ABC converts RTL into
a Boolean network (i.e., AIG), consisting of 2-input AND
and Inverter gates, and applies transformations such as strash,
balance, rewrite, and refactor to minimize the size and depth



TABLE II
CIR OPERATOR TAXONOMY WITH DELAY MODEL ASSIGNMENT.

OPERATORS ARE CLASSIFIED BY COMPONENT TYPE AND MAPPED TO THE
APPROPRIATE AIG SCALING MODEL.

Type Verilog CIR Node AIG Depth DSE
Construct Scaling Knob

Type D — Datapath-Dominated

A
ri

th
. A + B $add α · b+ β bitwidth

A ∗ B $mul α · b+ β bitwidth
A − B $sub α · b+ β bitwidth

A << B / A >> B $shl / $shr α · b+ β bitwidth

R
ed

. &A $reduce_and γ⌈log2 b⌉+δ bitwidth
A == B $eq γ⌈log2 b⌉+δ bitwidth
A < B $lt γ⌈log2 b⌉+δ bitwidth

Type C — Control-Dominated

Se
le

ct

? : / case $mux / $pmux 3⌈log2 N⌉ fan-in N
1 << sel decoder O(log2 N) width N
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of the tree. In this flow, the number of AIG nodes and the
number of levels serve as heuristics for the circuit area and
delay, respectively. As the example in Fig. 7(a) shows, the
node (2-bit adder) delay can be represented with 4 levels.
Based on this insight, we generate combinational RTL tem-
plates for each operator with varying bitwidth. The inputs
and outputs of the operators are connected to the module
I/O ports. We then use ABC to convert the operator to an
AIG and record the number of levels as pseudo-operator
delay. Mathematically, for each operator op with bitwidth
b, we construct an And-Inverter Graph G(op, b) = (V,E)
via ABC synthesis using the transformation sequence T =
⟨strash,balance,rewrite,refactor⟩ [74]. The AIG
depth of each operator (e.g., mul or add) is defined by the
following level function based on its AIG graph.

ℓ(v) =

{︄
0 if v ∈ PI
max{ℓ(u) : u ∈ fanin(v)}+ 1 if v ∈ N ∪ PO

(1)
where PI denotes the inputs of the operator AIG, N denotes

internal AND gate nodes in the AIG, PO denotes the outputs
of each operator, and fanin(v) is the set of immediate prede-
cessors of AND gate nodes v. The operator pseudo-delay is
the maximum level across all AIG nodes:

d̂(op, b) = max
v∈V

ℓ(v) (2)

To characterize operator (node) delays, combinational RTL
templates were generated for each operator type with bitwidth
b ∈ [1, 32], and their AIG levels were measured as shown in
Fig. 7(b). We then use ordinary least squares regression [76]
to find the best-fitting linear or logarithmic model for each
operator. Linear operators such as add and mul fit the
form d̂(op, b) = αb + β, while reduction and compari-
son operators (reduce_and, eq) follow logarithmic scaling
d̂(op, b) = γ⌈log2(b)⌉ + δ. As illustrated in Fig. 7(b), the

Algorithm 1: DP-Based OPT Selection Strategy
Input : CIR graph G(V,E), fan-out threshold τf , fan-out budget

B, register-weight and delay matrices W,D, target period
T , and delay-to-load conversion coefficients (αiso, αc, αn)

Output: Optimized CIR G′ with reduced critical fan-out bottlenecks
1 Phase I: Critical pairs
Pcritical ← {(u, v) : W (u, v) = 0 ∧D(u, v) > T};

2 Candidate drivers C ← {d ∈ V : |fanout(d)| > τf , d lies on a
critical pair path, and all edges of d are combinational};

3 Phase II: Per-driver option evaluation;
4 foreach driver d ∈ C do
5 // Partition fan-outs by timing criticality;
6 Fc ← {f ∈ fanout(d) : ∃(u, v) ∈ Pcritical, W (f, v) = 0},

Fn ← fanout(d) \ Fc;
7 if |Fc| = 0 ∨ |Fn| = 0 then
8 continue // Skip if uniform criticality;
9 end

10 λ← |Fn|/|fanout(d)| // Load reduction ratio;
11 Option 1 (none): gainnone ← 0, costnone ← 0;
12 Option 2 (isolation): gainiso ← D[d] · λ · αiso, costiso ← 1;
13 // Buffer insertion for Fn, reduce load on critical paths;
14 Option 3 (splitting):

gainsplit ← D[d] · (αc
|Fc|

|Fc|+|Fn| + αn
|Fn|

|Fc|+|Fn| ),
costsplit ← 2;

15 // Driver duplication: fresh driver for Fc, buffered for Fn;
16 end
17 Phase III: Budgeted DP over drivers d1, . . . , dk ∈ C;
18 best[0][j]← Dmax(G) for j = 0, . . . , B // Current critical-path

delay;
19 foreach i = 1, . . . , k and j = 0, . . . , B do
20 best[i][j]← mino∈{none, iso, split}, costo≤j

(︁
best[i− 1][j −

costo]− gaino(di)
)︁
, recording the chosen option;

21 end
22 Select the option assignment that attains minj best[k][j] // A driver

is transformed only if its option has gain > 0;
23 Apply load isolation: b← createBuffer(d); rewire(d→ b→ Fn);

apply load splitting: d′ ← duplicate(d);
rewire(d′ → Fc, d→ b→ Fn);

24 return Structurally optimized G′ with improved fan-out distribution

measured AIG levels (burnt orange points) closely match
the fitted model (green curves), reflecting underlying circuit
structures: linear growth for addition (ripple-carry adders) and
multiplication (array multipliers with reduction trees), loga-
rithmic growth for reduction/comparison operators (balanced
tree implementations). The high regression accuracy confirms
that AIG metrics reliably capture RTL operator complexity.
Empirically, addition follows d̂(add, b) = 2.00b (R2=1.00),
multiplication follows d̂(mul, b) = 4.19b+ 0.54 (R2=0.997),
and reduction/comparison operators follow logarithmic scaling
(R2=1.00), where R2 is the coefficient of determination.

a) From AIG Depth to Delay Estimation: The AIG depth
d̂(op, b) is a unit-less structural metric. To convert it to a
delay estimate in time units for Fmax prediction, we apply
a technology-specific scaling factor τ (picoseconds per AIG
level):

dphysical(op, b) = τ · d̂(op, b) (3)
For a given technology library, τ is determined by a one-
time linear regression of AIG depths against post-synthesis
operator delays for a small calibration set. Importantly, τ
needs to be fitted only once per technology node, not per
design. For the ASAP7 7 nm library used in our evaluation,
this yields a single scalar that maps the entire AIG-based
delay model to physical delay estimates. Because retiming and
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Fig. 9. Retiming: W /D matrix computation and register redistribution via r(·).

fan-out optimization require only relative delay ordering, the
AIG depth metric is effective for optimization even without
calibration; τ is needed only for absolute Fmax prediction.
We now extend this methodology to Type C (control) and
Type M (memory) components, completing a unified delay
model across all component types. Table II summarizes the full
operator taxonomy with delay model assignments and DSE
knobs.

1) Type C: Control Primitive Delay Models: Control prim-
itives differ from datapath operators in their scaling behavior:
depth grows with fan-in width N rather than operand bitwidth
b. We apply the same AIG characterization methodology used
for datapath operators, generating parameterized Verilog tem-
plates, synthesizing them with ABC [74], and fitting regression
models to the measured AIG depths.

a) Multiplexer Trees: An N :1 multiplexer is imple-
mented as a balanced binary selection tree. We generate
templates sweeping N ∈ {2, 4, 8, 16, 32, 64} with data widths
W ∈ {1, 8, 16, 32}. The measured AIG depth follows:

d̂(mux, N) = 3⌈log2 N⌉ (4)

The factor of 3 arises because each 2:1 MUX selection requires
approximately 3 AIG levels (two AND gates and one inverter
for the select logic). Depth is independent of data width W ,
since each bit of the output is selected independently. This
model is applied to both $mux and $pmux (parallel MUX)
RTLIL cells. In architectural terms, widening instruction de-
code from 1-wide to 4-wide increases MUX fan-in from 2 to
16, adding approximately 3× (⌈log2 16⌉− ⌈log2 2⌉) = 9 AIG
levels to the control path.

b) Decoders, Encoders, and Arbiters: We apply the same
template-and-fit procedure to decoders (N -bit input to 2N -
bit one-hot), priority encoders (N -input to grant index), and
round-robin arbiters (N request ports). Decoders and prior-
ity encoders exhibit O(log2 N) depth after ABC balancing;
round-robin arbiters scale as O(N) + O(log2 N) due to the
rotating priority logic.

c) FSM Next-State Logic: We generate parameterized
finite-state machines (FSMs) with state counts Ns ∈
{4, 8, 16, 32, 64, 128}, three encoding styles (binary, one-hot,
Gray), and varying transition densities. We observed that
one-hot encoding results in substantially shallower logic than
binary encoding because each state transition activates a single
state bit.

2) Type M: Memory Component Delay Models: Mem-
ory components (SRAM macros, register files) differ funda-
mentally from logic operators: their delay is determined by
physical configuration parameters rather than combinational
structure, and cannot be captured by AIG analysis. Instead,
we use analytical delay models parameterized by the memory
configuration.

a) SRAM Macros: For SRAM-based memory structures
(caches, buffers), the access time depends on capacity, port
count, and banking factor. We use published characterization
data from the ASAP7 memory compiler and CACTI [37] to
construct a lookup table:

d̂(sram) = f(capacity, ports, banking) (5)

where f is interpolated from the characterization table. This
approach avoids rebuilding CACTI internals while providing
sufficient accuracy for relative ranking during DSE.

b) Register Files: For synthesized register files (common
in RISC-V cores like Ibex), access time scales with the number
of entries and read/write ports. We characterize register file
timing by synthesizing parameterized register file modules
with Design Compiler for a one-time characterization, then
storing the results as a lookup table indexed by entry count
and port configuration.

c) Integration into CIR: Memory components appear in
the CIR as nodes with fixed delay values drawn from the
lookup tables above. These fixed-delay nodes participate in the
same critical path analysis and retiming constraint computation
as logic operators. The overall timing constraint becomes:

Tclock ≥ max(Tdatapath, Tcontrol, Tmemory) (6)

where each component’s critical path delay is computed using
its corresponding delay model. This unified formulation en-
ables KAIROS to identify which component type is the timing
bottleneck at each design point.

C. Critical Path Analysis
Once the CIR is annotated with per-node delays, KAIROS

computes the W (minimum register weight) and D (maximum
delay) matrices across all node pairs using the Floyd-Warshall
algorithm:

W (u, v) = min
p:u⇝v

∑︂
(i,j)∈p

wmin(i, j) (7)

D(u, v) = max
p:u⇝v

w(p)=W (u,v)

∑︂
i∈p

d(i) (8)
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Fig. 10. An illustration of the edge weight selection for creating W matrix
and updating r(·).

where d(i) is the combinational delay of node i from the
AIG-based delay model, and wmin(i, j) is the minimum edge
weight (register count) between nodes i and j. A combina-
tional path exists between nodes u and v when W (u, v) = 0,
meaning no register separates them. Register edges are not
treated as zero-delay. Each edge weight w(e) encodes the
number of registers in the W and D matrices. Clock-gating
and multi-cycle paths are represented as additional timing
constraints on the edges. The predicted clock period is the
longest such path:

Tpred = max
{(u,v):W (u,v)=0}

D(u, v) (9)

and the predicted Fmax is 1/Tpred. The operators along this
longest path are the critical operators, and their D/C/M classi-
fications identify the bottleneck component type. This analysis
produces the timing report: predicted Fmax, the critical path
operators, and the bottleneck location.

For optimization (Sections IV-D–IV-E), we identify all
critical paths that exceed a target clock period:

Pcritical = {(u, v) : W (u, v) = 0 ∧D(u, v) > Ttarget} (10)

For each path pair (u, v) in Pcritical, we reconstruct the actual
path nodes using breadth-first search. Because the CIR oper-
ates at the word level (hundreds of nodes) rather than the gate
level (millions of nodes), the Floyd-Warshall computation and
path reconstruction complete in seconds.

D. Structural Optimization via Fan-out Management

High fan-out nets are a primary source of combinational
delay that limits ASIC performance [77]. Commercial EDA
tools address this through load isolation and load splitting
(fan-out tree synthesis [78]–[80]), typically using dynamic pro-
gramming algorithms such as Van Ginneken’s [65], [81], [82]
at the gate level. KAIROS adapts these techniques to operate
on word-level CIR operators through a dynamic programming-
based algorithm that selects appropriate transformations for
each node. Figure 8 illustrates both gate-level and CIR-level

variants. KAIROS lifts a number of late-stage optimizations,
such as fan-out management and retiming, to the word level.
This keeps netlist-level timing optimization traceable to the
RTL and enables faster design space exploration. Technology
mapping, gate sizing, and Boolean restructuring are still per-
formed in the downstream synthesis flow based on KAIROS-
optimized RTL.

a) Driver Candidate Selection: From the critical path
identified in Section IV-C, candidate nodes for fan-out opti-
mization are selected based on three criteria: (1) a fan-out
count exceeding the threshold τf (typically 4, following the
FO4 convention [83]), (2) location on a critical path, and (3)
exclusively combinational connections, meaning this node is
not connected to any registers (i.e., all incoming and outgoing
edges have weight w(e) = 0), which ensures the optimization
targets only the combinational delay on the critical path.

b) Fan-out Classification: For each candidate driver
node, we partition its fan-out set Ftotal into critical and non-
critical subsets:

Fcrit = {f ∈ Ftotal : ∃ (u, v) ∈ Pcritical, W (f, v) = 0}
(11)

Fnon-crit = Ftotal \ Fcrit (12)

A fan-out node is identified as a critical-path node if it
lies on a critical path or feeds into one through a purely
combinational connection, i.e., W (f, v) = 0 for the endpoint
v of some critical pair (u, v) ∈ Pcritical (with W (v, v) = 0,
this includes the nodes on the path itself).

c) Dynamic Programming-based Optimization: Algo-
rithm 1 first identifies the critical pairs and the candidate
drivers from W , D, and the target period T (Phase I).
For each candidate driver, it then evaluates three options
(Phase II): (1) no optimization, (2) load isolation, which
inserts a buffer to drive non-critical fan-outs and reduces
capacitive load on the critical path, and (3) load splitting,
which duplicates the driver for critical fan-outs while routing
non-critical fan-outs through the original driver with buffering.
The gain for each option is computed from the driver delay
D[d], the fan-out partition sizes, and empirically calibrated
coefficients (αiso=0.2, αc=0.16, αn=0.08) that capture the
relative improvement from load reduction. Because they are
ratios of delay improvements rather than absolute delays,
these coefficients remain consistent across technology nodes.
Each option also has a structural cost, namely the number
of nodes it adds (none, one buffer, or a duplicate driver plus
a buffer). Because the options of different drivers compete
for the same structural budget, the selection is solved as a
dynamic program over the candidate drivers and a fan-out
budget B (Phase III), which returns the combination of options
that minimizes the estimated critical-path delay while adding
at most B nodes (B=20 in our experiments); a driver is
transformed only if its selected option has positive gain. After
selection, the CIR is transformed directly: buffer nodes or
duplicate drivers are inserted, and edges are rewired while
preserving all parallel edge attributes and register weights to



maintain semantic equivalence. Figure 8 (bottom) shows both
CIR-level transformations.

E. Sequential Optimization via Retiming

Sequential retiming minimizes clock period through optimal
register placement while preserving functional correctness.
Building upon Leiserson and Saxe’s foundation [27], [66], we
adapt classical retiming algorithms [66], [84]–[88] to operate
on CIR’s multigraph structure. In addition, structural fan-out
optimization must operate ahead of sequential retiming, as it
could potentially add new structural nodes (e.g., duplicated
drivers and inserted buffers) that will affect the retiming
formulation. Figure 9 illustrates the standard retiming process
that KAIROS adapts for CIR.

a) Directed Multigraph Retiming Formulation: Unlike
conventional retiming approaches that assume simple directed
graphs, CIR is a directed multigraph in which multiple edges
may exist between the same pair of nodes, each represent-
ing a distinct signal path with potentially different timing
characteristics. As shown in Fig. 10, for each node pair
(u, v) with multiple parallel edges, the minimum weight edge
wmin(u, v) = min{wi : ei ∈ E(u, v)} is selected to construct
the constraint matrices, ensuring the retiming formulation
remains conservative and preserves the most restrictive tim-
ing relationships. Retiming then updates these edge weights
throughout the multigraph. For example, when r($add) = −1,
registers migrate from fan-in edges (weight decreased by 1)
to fan-out edges (weight increased by 1), effectively shifting
pipeline stages across the adder. This selection-and-update
procedure prevents unintended register removal on critical
control paths, allows optimization on less constrained data
paths, and ensures that all edge weights remain non-negative
for physical realizability of the retimed circuit.

The retiming function r(·) : V → Z redistributes registers
according to the constraint: wnew(u, v) = wmin(u, v)+r(v)−
r(u) ≥ 0. The W and D matrices computed in Section IV-C
provide the timing constraints for retiming: W (u, v) gives the
minimum register count along any path, and D(u, v) gives
the maximum combinational delay along the minimum-weight
path. After retiming, the matrices are recomputed to reflect the
updated edge weights.

b) Minimum Clock Period Optimization: The core re-
timing optimization uses binary search over feasible clock
periods T and applies Bellman-Ford relaxation to solve the
difference-constraint system. For each candidate period T , the
modified constraints are constructed as:

r(u)− r(v) ≤ wmin(u, v) ∀(u, v) ∈ E (13)
r(u)− r(v) ≤ W (u, v)− 1 ∀(u, v) : D(u, v) > T (14)

We incorporate selective backward retiming control through
configurable node-level constraints. When backward retiming
is disabled, we enforce r(v) ≥ 0 for all nodes to prevent
register movement that could complicate reset logic or violate
user-specified pipeline boundaries, essential for maintaining
predictable initialization behavior in complex sequential de-
signs.

c) Area Optimization Integration: After minimum pe-
riod identification, we optionally apply constrained minimum-
area optimization using linear programming. A new objective
function is required to minimize the total register count as
follows:

minimize
∑︂
v∈V

(|FI(v)| − |FO(v)|) · r(v) (15)

where |FO(v)| and |FI(v)| represent fan-out and fan-in de-
grees respectively, and Equation (15) is still subject to
Constraints (13) and (14). This formulation enables area-
constrained retiming that respects timing constraints derived
from the minimum period.

F. CIR-to-RTL Reconstruction

The optimized CIR undergoes a reverse translation back
to RTL through our semantic-preserving pipeline: CIR →
RTLIL → RTL. Our backend systematically reconstructs
RTLIL cells from CIR nodes by preserving all original op-
erator types, parameter dictionaries, and connection attributes
while applying weight changes as explicit register inser-
tions or removals along signal paths. When edge weights
increase due to retiming, the implementation generates in-
termediate pipeline registers with meaningful names (e.g.,
mult_result_to_adder_retime_reg_0) and proper
clock domain assignments, ensuring that all timing optimiza-
tion transformations remain traceable to their algorithmic
origins. The reconstruction process adopts Yosys’s RTLIL-to-
Verilog backend to generate the final RTL while maintaining
complete port connectivity and hierarchical structure integrity
through careful signal name preservation mechanisms.

G. Equivalence Checking

Once the RTL design is optimized with KAIROS, it is
essential to ensure the functional correctness and equivalence
between the optimized and the original RTL. A two-stage
verification flow is employed. First, the optimized and original
RTL are subjected to randomized simulation using shared
testbenches and randomly generated input vectors (e.g., 10K
vectors for large designs). We utilize Synopsys’s VCS [89] as
the simulation tool. Second, formal equivalence checking is
applied. Inspired by prior work [50], [90], [91], we adopt an
off-the-shelf formal tool (i.e., VC Formal [92]) to prove the
equivalence between the original and the optimized RTL.

V. EVALUATION

A. Experimental Setup

Software and tools. All RTL designs are synthesized using
Synopsys Design Compiler NXT (DC) T-2022.03-SP2 with
the ASAP7 7 nm predictive process design kit (PDK) [93],
following industry-standard flows. Synthesis executes on a
Linux server with 503 GB RAM and dual Intel Xeon Gold
6240 CPUs (144 threads total), utilizing up to 16 threads
per instance. KAIROS is implemented in Python 3, with its
frontend using Yosys [58], [94] to convert RTL into the
RTLIL representation. NetworkX [95] is used for CIR graph



TABLE III
BENCHMARK SUITE SPANNING ALL COMPONENT TYPES (D/C/M).
“PARAM.” INDICATES PARAMETERIZABLE DESIGNS SWEPT ACROSS

MULTIPLE CONFIGURATIONS.

Design Type Source Param.
AdderTree (16b FP) D HardFloat [97] pipeline 1–8
DotProduct (16b FP) D HardFloat [97] pipeline 1–8
MulAdd (16b FP) D HardFloat [97] pipeline 1–8
MulAdd_add (16b FP) D HardFloat [97] pipeline 1–8
MulAdd_mul (16b FP) D HardFloat [97] pipeline 1–8
Systolic PE D Gemmini [98] bitwidth 8/16/32
Ibex decoder C OpenTitan [99] —
Priority encoder C Custom N=4/8/16/32
Round-robin arbiter C Custom N=4/8/16/32
eth_10ge_controller C OpenCores [100] pipeline 1–8
ps2host C OpenCores [100] pipeline 1–8
Register file (param.) M OpenTitan [99] 16/32/64 entries
Cache ctrl interface M OpenTitan [99] —
Ibex ALU D+C OpenTitan [99] —
Ibex execute stage D+C OpenTitan [99] —
SERV RISC-V D+C SERV [101] —
Ibex full core D+C+M OpenTitan [99] pipeline, mul type
NVDLA (conv. pipeline) D+C+M NVDLA [102] nv_full
CVA6 (Ariane) D+C+M OpenHW [103] cv64a6, FPU

construction and SciPy [96] for the linear-programming (LP)
and mixed-integer linear-programming (MILP) solvers. Our
synthesis constraint strategy searches the clock period with an
eight-pass binary search that converges within a tolerance of
10 ps. We use the Synopsys Design Compiler compile_ultra
flow [53] to report area and delay numbers throughout the
evaluation.

Benchmark suite. To evaluate KAIROS across datapath,
control, and memory components, we assemble multiple de-
signs from several open-source projects, spanning datapath
(D), control (C), memory (M), and mixed (D+C) categories
(Table III). Type D designs include five 16-bit FPUs from
Berkeley HardFloat [97] and a Gemmini systolic PE [98].
Type C designs include the Ibex instruction decoder [99],
[104], two OpenCores controllers [100], and parameterizable
priority encoder and round-robin arbiter primitives. Type M
designs include a parameterizable register file and the OpenTi-
tan cache controller interface [99]. Mixed designs include the
Ibex ALU, Ibex execute stage, and the SERV bit-serial RISC-
V CPU [101]. The full Ibex core serves as the primary case
study for progressive architectural exploration (Section V-D),
containing all three component types; its progressive sweep
is a separate experiment from the benchmark suite described
here. For parameterizable designs, we sweep architectural
parameters (pipeline depth, bitwidth, fan-in width, register
file entries), yielding 60 distinct design points. We further
add two industrial-scale designs, the NVDLA deep-learning
accelerator and the CVA6 (Ariane) RISC-V core (Table III),
which both include all three component types and bring the
suite to 62 design points. In total, Table III lists 19 design
families; sweeping their parameters yields the 60 design points
used for prediction and optimization (62 with NVDLA and
CVA6), while the runtime comparison in Table VI covers 41

distinct RTL designs, including additional OpenTitan IP blocks
(e.g., uart, aes, kmac).

Synthesis baseline. Our primary baseline consists of the
benchmark designs synthesized using Synopsys Design Com-
piler’s compile_ultra flow [53]. We evaluated several alter-
native synthesis flows [54], [105], [106], and open-source
flows [107]–[109]. compile_ultra was selected because it in-
tegrates industry-grade aggressive optimizations that directly
align with KAIROS’s scope, and because prior work [110]
shows that commercial synthesis flows consistently achieve
higher Fmax than open-source tools.

Evaluation methodology. To study how timing bottle-
necks shift across component types as architectural parameters
change, we sweep the Ibex core across three architectural
dimensions: pipeline depth (1 to 6 stages; Fig. 13 shows
depths 1–4, which suffice to expose the bottleneck transitions),
multiplier type (1-cycle fast, 3-cycle slow), and register file
entries (16, 32, 64), at three levels of design complexity
(datapath only, datapath+control units, full core with memory
macro added).

B. Prediction Accuracy

For KAIROS to be useful for DSE, its delay estimates must
correlate with post-synthesis results well enough to preserve
design rankings. We evaluate prediction quality using Spear-
man rank correlation (ρ), which measures whether KAIROS
preserves the relative ordering of designs, and Mean Absolute
Percentage Error (MAPE), which measures the magnitude of
prediction deviation.

Figure 11(a) plots KAIROS’s predicted critical path delay
against Design Compiler results. Across the 60 design points
of the original suite, KAIROS achieves a Spearman rank cor-
relation of ρ = 0.96 and MAPE of 14.0% (13.9% across all 62
points including CVA6 and NVDLA, as shown in Fig. 11(a)).
Per-type accuracy confirms that the taxonomy-aware delay
models generalize across component types: Type D designs
achieve ρ = 0.93, Type C ρ = 0.76, and mixed Type D+C
ρ = 0.93. The lower correlation for Type C is expected:
control primitives have shallow combinational paths where
AIG depth differences are small, and the ranking is more
sensitive to technology mapping choices. Nonetheless, for
architectural DSE the primary requirement is correct bottle-
neck type identification, i.e., determining whether the datapath,
control, or memory component limits frequency at each design
point. Section V-D shows that KAIROS correctly identifies
these bottleneck transitions across the Ibex design space.

Figure 11(b) isolates the effect of the Type D/C/M taxonomy
on prediction quality. When a uniform datapath AIG model
is applied to all component types, accuracy degrades notably
for Type C designs (ρ drops from 0.76 to 0.55) and mixed
Type D+C designs (ρ drops from 0.93 to 0.77), while Type D
accuracy remains largely unchanged. This confirms that con-
trol primitives (MUX trees, decoders) exhibit fundamentally
different AIG depth scaling from arithmetic operators, and that
the taxonomy-aware modeling in Section IV-B is a necessary
design choice.
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Fig. 11. (a) KAIROS-predicted vs. actual post-synthesis critical path delay.
The dashed diagonal represents perfect prediction. (b) Prediction accuracy
improvement from taxonomy-aware delay models vs. a uniform AIG model.

Table IV compares KAIROS against published pre-synthesis
prediction methods. KAIROS achieves timing accuracy com-
parable to MasterRTL [43] (MAPE 14% vs. 14%) without
requiring any training data. SNS [44] and SNS v2 [45] achieve
higher speedups but produce only design-level aggregate met-
rics. The key difference is prediction granularity: KAIROS
identifies which operator and which component type is the
timing bottleneck, enabling microarchitectural feedback that
design-level predictors cannot provide.

C. RTL Optimization Results

Figure 12 summarizes the optimization results based on
the taxonomy. Datapath-dominated designs benefit most, with
averaged Fmax improvement of 10.2% (ranging from 7.1%
for DotProduct to 13.4% for AdderTree). The gains are
highest at mid-to-deep pipeline depths (4–8 stages), where
retiming has sufficient register slack to redistribute delay and
fan-out management effectively reduces critical path loading.
Control units show modest but consistent gains, averaging
2.4% across Type C (2.5% for eth_10ge_controller, 2.7% for
ps2host), which aligns with the taxonomy prediction: control
paths are inherently shallow (logarithmic AIG depth in fan-in
width), leaving limited room for retiming to redistribute delay.
Type M designs (register file and cache controller) gain 2.7%
on average. The ablation in Fig. 12 confirms that retiming
contributes the majority of the 7.1–13.4% gains while fan-
out management provides complementary improvements, as
global register repositioning is more effective than localized
buffering for the deep combinational circuits on datapath.
For the optimization study, NVDLA and CVA6 are evaluated
as D+C designs, with memory paths excluded, as was done
for the Ibex core, although the full designs contain all three
component types (Table III). CVA6 achieves a 5.5% Fmax
improvement, while the MAC-dominated NVDLA achieves
an 8.0% improvement. Both improvements remain below the
pure-datapath average because control- and memory-bound
critical paths limit further gains.
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Fig. 12. Fmax improvement (%) organized by component type. Dashed
lines indicate per-type averages. AT: AdderTree; DP: DotProduct; MA:
MulAdd; MAa/MAm: MulAdd_add/MulAdd_mul; SP: Systolic PE; eth:
eth_10ge_controller; ps2: ps2host; IbDec: Ibex decoder; PEnc: priority en-
coder; RRA: round-robin arbiter; IbALU/IbEx: Ibex ALU/execute stage; RF:
register file; CC: cache controller. NVDLA and CVA6 are evaluated as D+C
(memory paths excluded).

D. Progressive Architectural Case Study

Figure 13 presents the bottleneck shift map across the
design space of the Ibex core. The map shows three distinct
regions where different component types constrain Fmax, and
the transitions between them depend on both pipeline depth
and multiplier configuration. At shallow pipeline depths, the
critical path lies exclusively within Type D arithmetic oper-
ators. Deeper pipelining improves Fmax consistently (304–
840 MHz for the fast multiplier, 393–1018 MHz for the slow
multiplier at depths 1–4), because inserted registers reduce
the critical path length. KAIROS’s predicted Fmax tracks the
post-synthesis ground truth with ρ = 0.99 in this region. The
Ibex design variant with a slow multiplier achieves higher
Fmax at every pipeline depth because its multi-cycle design
breaks the multiply operation into shorter combinational seg-
ments. As pipeline depth increases, the length of the datapath
critical path reduces and the control logic (decode MUX
trees, control FSM) becomes the binding constraint. With
the fast multiplier configuration, this bottleneck shift (D-to-C)
occurs at pipeline depth 3 (604 MHz, control unit dominates).
With the slower multiplier, the shift occurs earlier at pipeline
depth 2 (629 MHz), because the 3-cycle multiplier already
has a shorter critical path, which exposes the timing issue
from the control path sooner. Discovering these crossover
points would otherwise require running synthesis with Design
Compiler for every configuration. When the register file and
memory interface are added, Type M constraints dominate at
larger configurations. With a 64-entry register file, the memory
component is the bottleneck in 11 of the 12 configurations of
the full sweep (six pipeline depths × two multiplier types);
the only exception is the fast multiplier at pipeline depth 1,
where the datapath still dominates. At pipeline depth 3 with the
fast multiplier, Fmax drops progressively from 729 MHz (ALU
only, D-bottlenecked) to 604 MHz (+control, C-bottlenecked)
to 503 MHz (+RF16, M-bottlenecked) to 317 MHz (+RF64,
M-bottlenecked).

Figure 14(a) shows the progressive exploration results, com-
paring KAIROS predictions against Design Compiler ground
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truth at each step. KAIROS correctly tracks the Fmax trend
as complexity increases (ρ = 0.99 across all 60 configurations
of the progressive sweep: five integration steps, six pipeline
depths, and two multiplier types, of which Fig. 13 shows
depths 1–4), and more importantly, correctly identifies at
which step the bottleneck type changes. Figure 14(b) shows
the Pareto frontier across the Ibex design space. KAIROS
and Design Compiler agree on the Pareto-optimal configu-
rations, confirming that the ranking quality demonstrated in
Section V-B translates to correct DSE conclusions in practice.
An architect using KAIROS can discover these crossover
points in a few hours; observing them via synthesis with DC
would require days of computation.

E. DSE Speedup Analysis

Figure 15 compares KAIROS’s per-design-point runtime
against Design Compiler synthesis across all benchmark de-
signs. Across the original 39-design suite, KAIROS completes
timing prediction in 149 seconds per design point on average,
while Design Compiler synthesis requires approximately 192
minutes, yielding a 77× wall-clock speedup (ranging from
24× for small datapath modules to 128× for large SoC IP
blocks). The speedup scales favorably with design complexity:
larger designs that take longer to synthesize benefit from

TABLE IV
COMPARISON WITH PRIOR ML-BASED PRE-SYNTHESIS PREDICTION

METHODS. EACH METHOD’S NUMBERS ARE AS PUBLISHED ON ITS OWN
TECHNOLOGY NODE AND BENCHMARK SET; THE KAIROS ROW IS OUR

MEASUREMENT ON ASAP7 (7 NM). MASTERRTL REPORTS PEARSON R;
KAIROS REPORTS SPEARMAN ρ.

Method Tech Timing Acc. Training Speedup Bottleneck
Node Data ID

SNS [44] 15 nm MAPE=38% Required 760× ✗

SNS v2 [45] 32 nm MAPE≈17% Required 411× ✗

MasterRTL [43] 45 nm R=0.93, MAPE=14% Required ∼20× ✗

KAIROS 7 nm ρ=0.96, MAPE=13.9% None 113× D/C/M

TABLE V
DSE CONCLUSION AGREEMENT BETWEEN KAIROS AND DESIGN

COMPILER. THE TYPE D AND TYPE D+C SUBSETS YIELD IDENTICAL
VALUES.

Metric Type D Type D+C Overall
Spearman ρ 0.93 0.93 0.96
Pareto agreement 5/5 5/5 5/5
Top-3 match 2/3 2/3 2/3

proportionally greater speedup, because KAIROS’s runtime
is dominated by the W&D matrix computation and retiming
optimization, both of which scale more favorably than gate-
level synthesis. Table V evaluates whether KAIROS’s speedup
comes at the cost of DSE accuracy. KAIROS identifies all 5
Pareto-optimal design configurations found by full synthesis,
and the top-3 ranked designs match in 2 out of 3 cases.
This confirms that KAIROS’s ranking quality is sufficient to
guide architects to the same Pareto-optimal design choices as
synthesis, at a fraction of the computational cost.

Industrial-scale validation. We add two industrial designs:
the NVDLA deep-learning accelerator (13.7M gates) and the
CVA6/Ariane 64-bit core (340K gates), which are one to two
orders of magnitude larger than the Ibex core. After including
both large designs, the rank correlation remains ρ=0.96, with
13.9% MAPE across 62 design points; KAIROS predicts
CVA6 and NVDLA within 10.7% and 11.5%, respectively.
The speedup also increases with design scale. Achieving a
target Fmax requires an iterative clock-period search that
repeatedly re-runs synthesis until timing closure is reached;
in our setup, this corresponds to an eight-pass binary search
over the clock period. As a result, Design Compiler requires
28.6 hours for CVA6 and 4.4 days for NVDLA, whereas



TABLE VI
KAIROS RUNTIME VS. DESIGN COMPILER SYNTHESIS ACROSS

COMPONENT TYPES.

Type Design Gates KAIROS (s) DC (min) Speedup
D AdderTree ∼4.5K 115.2 46.2 24×
D SystolicPE-32b ∼7.2K 74.6 53.3 43×
C IbexDecoder ∼8.2K 71.8 55.0 46×
C uart ∼9.6K 84.7 54.8 39×
C eth_10ge ∼12.5K 124.3 90.0 43×

D+C IbexExec ∼9.8K 148.5 180.0 73×
D+C IbexALU ∼32K 302.4 480.0 95×

M RegFile-32 ∼3.2K 37.8 35.0 56×
M CacheCtrl ∼5.5K 61.4 48.3 47×

D+C+M aes ∼89K 335.7 530.1 95×
D+C+M kmac ∼138K 418.5 717.0 103×
D+C+M Ibex_SoC ∼207K 498.2 1060.5 128×
D+C+M CVA6 (cv64a6) ∼340K 650.0 1718.0 159×
D+C+M NVDLA (nv_full) ∼13.7M 1800.0 6382.9 213×

Average (all 41) 201 380 113×

KAIROS analyzes each design in a single word-level pass,
taking only 11 and 30 minutes, respectively. This corresponds
to 159× and 213× speedups. Adding these two industry-scale
designs raises the maximum speedup from 128× to 213×
and the suite-average speedup from 77× to 113×. KAIROS
runtime scales with word-level CIR complexity rather than
raw gate count: although NVDLA has roughly 40× more
gates than CVA6, its highly replicated MAC array keeps the
analysis time to 30 minutes, well within the minutes-scale
budget required for DSE.

F. Area Overhead and Runtime Analysis

KAIROS’s RTL optimization introduces an average area
overhead of 9.4% across the optimized component designs.
Fan-out management contributes 3.0–4.5% overhead through
buffer insertion, while retiming adds 4.4–6.8% through register
repositioning and occasional replication. These costs are ac-
ceptable for early-stage DSE, where the Fmax improvements
of 7.1–13.4% substantially outweigh the area penalty. Table VI
shows representative runtimes across all component types.
The average total runtime (149 seconds per design point
across the original suite; 201 seconds including CVA6 and
NVDLA) scales with design complexity: most Type D and
Type M designs complete in about two minutes or less (38–
116 seconds), while the large SoC IP (89K–207K gates) takes
336–498 seconds. Internally, the runtime is dominated by
structural optimization (28.6%), W&D matrix computation
(28.7%), and sequential optimization (33.6%), with frontend
and backend transformations negligible (<0.2% combined)
and the remaining ∼9% spent on setup and bookkeeping
between phases. Further speedup is achievable through incre-
mental W&D matrix updates when sweeping related design
points, which we leave to future work.

Limitations. KAIROS models logic delay via AIG depth
and does not model interconnect delay or technology map-
ping effects. For pre-synthesis exploration, logic depth is the
dominant factor in relative Fmax ranking, as validated by
our rank correlation results. Following the same evaluation
methodology as SNS [44] and MasterRTL [43], we validate
against post-synthesis timing from Design Compiler. Inter-
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Fig. 15. KAIROS runtime vs. Design Compiler runtime on log-log scale.
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10×, 100× speedup.

connect and routing delays are accurately determined only
after physical layout, i.e., place-and-route, and are there-
fore beyond the scope of KAIROS’s pre-synthesis analysis.
KAIROS instead provides early Fmax ranking to guide design
space exploration, complementing rather than replacing place-
and-route timing closure. The AIG-based structural delay
model is technology-independent; converting to absolute de-
lay units requires a per-technology calibration factor (Sec-
tion IV-B). ABC’s transformations are deterministic, ensuring
reproducible AIG depth. Extending to additional technology
nodes requires only re-fitting the calibration scalar, not re-
training a model. We verify this across nodes: re-synthesizing
15 representative designs at NanGate 45 nm and refitting only
τ preserves the Fmax ranking at ρ=0.91 (versus 0.96 on
ASAP7), confirming that the single-scalar recalibration trans-
fers across a large technology gap, from 7 nm to 45 nm. More-
over, KAIROS predicts timing, not power. Power-aware DSE
can incorporate KAIROS alongside tools like McPAT [36].
KAIROS’s optimization operates at the RTL word level and
is complementary to technology-aware gate-level optimization
in commercial synthesis flows.

VI. CONCLUSION

We presented KAIROS, a pre-synthesis timing prediction
and optimization framework for fast microarchitectural design
space exploration. KAIROS operates on a Circuit Intermediate
Representation that preserves RTL operators and signal names,
enabling operator-level critical path analysis without gate-
level synthesis. A component taxonomy assigns structurally
derived delay models to datapath, control, and memory mod-
ules, making timing bottleneck shifts visible as architectural
parameters change. Across 62 design points, from the Ibex
RISC-V core to industrial-scale designs (NVDLA and CVA6),
KAIROS preserves post-synthesis Fmax rankings with Spear-
man ρ=0.96, achieves 7.1–13.4% frequency improvement on
datapath circuits, and completes timing evaluation 113× faster
than synthesis on average across 41 designs, up to 213×. A
progressive case study on Ibex confirms that KAIROS cor-
rectly identifies bottleneck transitions across component types
at different pipeline depths, providing architectural insights
previously available only after days of synthesis.
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