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Abstract—Heterogeneous logic optimization improves circuit
quality by partitioning a design and leveraging the best Directed
Acyclic Graph (DAG) representation for each region. However,
existing frameworks are limited by their reliance on apply-
ing fixed, pre-defined optimization scripts to these partitions.
This approach fails to adapt to the specific structure of each
partition or its impact on global circuit metrics. This paper
introduces DynaOpt, a framework that overcomes this limita-
tion by dynamically generating tailored optimization sequences.
After partitioning the circuit with a timing and structure-aware
algorithm and selecting the optimal DAG for each partition,
DynaOpt discovers a bespoke optimization sequence for each
sub-circuit. The key to this process is our novel, globally-aware
fitness function, which guides a Genetic Algorithm (GA) by
efficiently approximating the impact of local changes on the
final circuit quality. Experiments demonstrate that DynaOpt
achieves a significant improvement in Quality of Results (QoR)
over the state-of-the-art (SOTA) framework. This validates the
effectiveness of generating custom optimization sequences and
addresses the fundamental limitations of relying on pre-defined
sequences.

I. INTRODUCTION

Logic synthesis is a foundational step in Electronic Design
Automation (EDA), transforming high-level circuit descrip-
tions into optimized gate-level netlists that determine the final
circuit’s Power, Performance, and Area (PPA). Logic opti-
mization applies a sequence of transformations to a circuit’s
Boolean network [1], but a central challenge is that any fixed
optimization sequence struggles to unlock the full potential of
diverse circuits, often leading to suboptimal local optima [2].

To address this, two significant research frontiers have
advanced in parallel. The first focuses on dynamic sequence
generation, where methods learn or search for a superior,
circuit-specific optimization flow. Techniques range from data-
driven modeling [3], [4] and Reinforcement Learning (RL)
[5]-[8] to online search strategies like Monte Carlo Tree
Search (MCTS) [9]. These powerful methods treat circuits
monolithically, applying a globally-determined sequence and
overlooking structural diversity in large designs [10].

The second frontier is heterogeneous logic optimization,
which acknowledges that different parts of a circuit benefit
from different underlying data structures (e.g., AIGs [11],
MIGs [12], XAGs [13], XMGs [13]). Pioneering frameworks
like LSOracle [14] and HeLO [10] partition a circuit and select
the best-fit representation for each part, demonstrating sig-
nificant PPA improvements. However, after this sophisticated
partitioning, these frameworks revert to applying a simple, pre-
defined, and fixed optimization recipe to each partition.
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Fig. 1 Overall flow of DynaOpt framework.

A critical disconnect thus exists: one field has mastered
the “how” of optimization (dynamic sequences) but is blind
to the “where” (internal heterogeneity), while the other has
mastered the “where” but is limited in the “how”. This leaves
a crucial optimization dimension unexplored and motivates our
central question: How can we unify the spatial intelligence of
heterogeneous partitioning with the procedural intelligence of
dynamic sequence generation?

This paper introduces DynaOpt, a novel framework that
directly answers this question by bridging the gap between
these two frontiers. DynaOpt pioneers a methodology that
is both heterogeneous in representation and adaptive in its
optimization process. The contributions are:

« We introduce a global pre-optimization method that gen-
erates an initial synthesis sequence, performing prelimi-
nary circuit optimization to prepare for the subsequent,
more complex heterogeneous optimization phase.

e We employ a timing and structure-aware partitioning
algorithm designed to preserve local structures with high
optimization potential by tuning the weights of graph
edges according to their timing and structural importance.

o We design a Graph Neural Network (GNN)-based model
to analyze each partition and select its most effective
DAG representation.
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« We introduce a globally-aware fitness function to guide a
GA in dynamically generating an optimization sequence
for each partition. This approach replaces the pre-defined
recipes of prior work by evaluating the true global impact
of local optimizations.

By crafting a bespoke optimization strategy for each part
of the circuit, DynaOpt achieves a new level of granularity.
This dynamic approach outperforms the SOTA HeLO [10],
underscoring the effectiveness of integrating heterogeneous
representations with dynamic optimization sequences.

II. PRELIMINARIES
A. Logic Synthesis and Logic Optimization
Logic synthesis is the automated process of converting a high-
level hardware description into a mapped gate-level netlist. A
critical phase in this flow is technology-independent optimiza-
tion. Here, the circuit is first represented as a generic data
structure, such as a DAG. A dominant representation is the
And-Inverter Graph (AIG), a homogeneous DAG composed
of two-input AND gates and inverters [15].

Within this technology-independent stage, logic optimiza-
tion aims to restructure the DAG to improve the final circuit’s
PPA. This is achieved by applying a sequence of transfor-
mations. To balance the often-conflicting goals of minimizing
area (node count) and delay (logic depth) before technology
mapping, the Node-Depth Product (NDP) is a widely adopted
metric to guide the optimization algorithms.

B. Heterogeneous Logic Optimization

Traditional optimization uses a single data structure (e.g., AIG)
for the entire design. A more advanced approach, heteroge-
neous logic optimization, partitions the circuit and applies
the most suitable representation—such as MIGs, XAGs, or
XMGs—to each region [10], unlocking powerful optimization
operators unique to each data structure. This enables a more
tailored, spatially-aware optimization.

The pioneering work, LSOracle [14], introduced this con-
cept by partitioning a circuit, using a DNN to predict the best
data structure for each partition, and then applying a fixed
optimization script. Building on this, HeLO [10] employed a
more sophisticated hierarchical clustering for partitioning and
a GNN for prediction. By creating more coherent partitions
and using a more powerful model, HeLO established a new
SOTA, but it still relied on predetermined, static optimization
scripts for each logic representation.

C. Circuit and Hypergraph Partitioning
Effective heterogeneous optimization hinges on high-quality
circuit partitioning. A hypergraph naturally models this, where
a hyperedge connects multiple vertices, representing a net
connecting multiple gates. The goal of k-way Hypergraph
Partitioning (HGP) is to divide vertices into k balanced disjoint
blocks while minimizing a cost function on cut hyperedges.
A standard objective is minimizing the connectivity metric
Y eer., (Ae) — Dw(e), where A(e) denotes the number of
partitions spanned by hyperedge e and w(e) is its weight.
As the HGP problem is NP-hard, heuristic-based multilevel
partitioners like KaHyPar [16] are widely used. Crucially,

these tools allow assigning custom weights to hyperedges. By
increasing an edge’s weight, the heuristic is penalized more
for cutting it, making it more likely that the connected vertices
remain in the same block. This weighting mechanism provides
a powerful handle to create more structurally and functionally
aware partitions, moving beyond simple topology-driven cuts.

D. Problem Formulation

We formulate the heterogeneous logic optimization problem
as finding a strategy § that transforms an initial logic network
C into a functionally equivalent network C’ with the best
possible QoR. For technology-independent optimization, this
QoR is typically the NDP.

This strategy 8 is a composite of 3 interdependent decisions:

1) Partitioning (P): Dividing the global circuit C into a set
of k disjoint sub-circuits {c1,...,cx} that collectively
reconstruct C'. The goal is to group structurally and
functionally related logic.

2) DAG Representation (R): Assigning each sub-circuit ¢;
to its most suitable DAG representation r; from a set of
available options, such as {AIG, MIG, XAG, XMG}.

3) Optimization Sequence (O): For each sub-circuit c;
in its assigned representation r;, generating a bespoke
sequence of optimization operators O; = (01, ...,0r).

The overall objective is to discover the optimal strategy

8* = (P*,R*, 0*) that yields the globally optimal circuit C":

8* = arg mSin QoR(Apply(8,C)). (1

The central challenge lies in the immense and deeply
coupled search space. The optimal partitioning () is unknown
without knowing the best optimization for each partition, while
the effectiveness of an optimization sequence (O;) depends
on its local structure, its assigned representation (R;), and
its ultimate impact on the global QoR. Our work, DynaOpt,
is designed to navigate this complex interplay by cohesively
solving for these components with a global objective in mind.

III. THE DYNAOPT FRAMEWORK

To address the limitations of existing heterogeneous logic opti-
mization, we introduce DynaOpt, a framework designed to in-
tegrate a timing and structure-aware partitioning strategy with
a dynamic, per-partition optimization approach. As illustrated
in Fig. 1, DynaOpt implements a multi-stage workflow that
progressively refines a logic network by tailoring strategies at
both global and local levels.

The process begins with an input AIG, which first under-
goes a pre-optimization step using a globally-applied, model-
generated sequence. Next, our timing and structure-aware
partitioning algorithm divides the network into smaller sub-
circuits. For each resulting sub-circuit, a GNN-based classifier
predicts the most suitable DAG representation (AIG, MIG,
XAG, or XMGQG), and the partition is converted accordingly.
Following this, a GA dynamically discovers a custom opti-
mization sequence for the partition. Critically, the GA’s fitness
function is globally-aware, evaluating each potential sequence
based on its estimated impact on the entire circuit’s quality,
not just the local partition.
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Fig. 2 An illustration of Global Pre-Optimization. The process
starts with a [bos] token (0g). At each step ¢, the current circuit
state is encoded into an embedding c;, which the model uses
to predict the next optimal operator 0,4 1.

Finally, to preserve the results of the heterogeneous opti-
mization and facilitate a lossless reassembly, all optimized
partitions are converted into a unified XMG representation. As
a superset of AIG, MIG, and XAG, the XMG format allows
for this conversion without any loss of quality [12], [17],
[18]. The partitions are then reassembled, and two rewrite
operations are applied to recover optimization opportunities
lost at partition boundaries. This section details each of these
core stages.

A. Global Pre-Optimization

Initial partitioning quality is paramount in heterogeneous
optimization. However, raw logic networks often contain su-
perficial redundancies that obscure their true structure, leading
to suboptimal partitioning. To address this, we introduce a pre-
optimization stage to simplify logic and produce a netlist that
better reflects the circuit’s architectural properties.

We adopt a learning-based approach, inspired by GPT-
LS [4], to automatically generate pre-optimization sequences.
Our decoder-only Transformer model is trained offline us-
ing a dataset of random, short optimization sequences—each
composed of operators from {rw, rwz, rs, rsz, rf,
rfz, b}—applied to diverse benchmark circuits. Only se-
quences that demonstrably improve final QoR are retained,
ensuring the model learns strategies beneficial for our flow.
The model uses a dual-input circuit encoder (GNN for topol-
ogy, MLP for scalar features) as shown in Fig. 4, co-trained
with the sub-circuit classification task (Section III-C).

At inference time, for a new circuit, the trained model
autoregressively predicts and applies a tailored optimization
sequence (Fig. 2), iteratively encoding the circuit state and
updating the netlist. The resulting circuit is then input to the
main optimization stages.

B. Timing and Structure-Aware Partitioning

The efficacy of heterogeneous optimization hinges on the qual-
ity of the initial circuit partitioning. However, prior strategies
often lack the necessary awareness to produce optimal parti-
tions. For instance, while methods like LSOracle [14] allow for
varying the number of partitions, their underlying cut-driven
approach is not inherently adaptive to the circuit’s structure. To
investigate this, we analyzed LSOracle’s performance on the
EPFL benchmark suite [19] across different partition counts
(k = 2 to 10). As shown in Section III-A, the optimal
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Fig. 3 Best result distribution over partition numbers on EPFL
benchmarks.

results for LSOracle are overwhelmingly concentrated at low
partition counts (kK = 2 and k = 3). This suggests that simply
increasing the partition count does not guarantee better QoR,
as the partitioning strategy itself may not effectively utilize
the finer granularity. This inflexibility can sever timing-critical
paths or break apart structurally significant regions, leading to
suboptimal synthesis outcomes.

To address this limitation, we introduce a flexible and
extensible timing and structure-aware partitioning scheme.
Instead of treating all nets as equal, we assign weights to
hyperedges based on their structural and temporal importance.
Our approach utilizes standard hypergraph partitioning ma-
chinery, which we configure to minimize the Connectivity
metric. This objective is chosen because it directly corresponds
to minimizing the number of newly created Primary Inputs
(PIs) and Outputs (POs) across all partitions, a generally de-
sirable outcome for synthesis. By biasing the partitioner with
our novel, domain-specific weighting function, we preserve
critical structures within single partitions and maximize their
optimization potential. The weight of each net is calculated
based on the following considerations.

1) Timing-Awareness

The timing performance of a circuit is fundamentally deter-
mined by its critical path. While the logic depth of the pre-
mapping critical path is not a direct proxy for post-mapping
timing, minimizing it remains a crucial and widely accepted
heuristic for achieving better final performance. To preserve
the integrity of this path during partitioning (e.g., the red path
in Fig. 1), we first identify it and significantly increase the
weights of all nets lying on it. To create a “protective buffer”,
this weight increase is propagated outwards by two hops from
the path, with the effect decaying with distance. This strategy
encourages the partitioner to keep critical path segments intact
within a single sub-circuit, where their logic depth can be more
effectively optimized.

2) Structure-Awareness

We enhance weights based on two key structural features.

Reconvergent Paths: These structures, where a signal from
a “stem” node fans out and later reconverges (e.g., the blue
edges in Fig. 1), are prime locations for logic restructur-
ing [20]. We identify and increase the weights of their nets,
limiting the search to a path length of 6 for performance.

High-Fanout Nets: A node with high fanout signifies
significant logic reuse. We assign a higher weight to these
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Fig. 4 The architecture of our circuit encoder.

nets to maintain the integrity of these highly shared signals.

The final weight of a hyperedge is the average of its
constituent net weights. By providing the partitioner with these
carefully crafted weights, our method achieves a sophisticated
balance: it minimizes inter-partition connections while pre-
serving crucial timing and structural network characteristics,
enabling more effective downstream optimization.

C. Sub-Circuit Representation

After partitioning, we must select the most suitable DAG rep-
resentation for each sub-circuit to maximize its optimization
potential. To automate this decision, we employ a GNN-based
classifier that predicts the optimal representation based on the
sub-circuit’s unique topological and structural features.

Our classification model consists of a circuit encoder and an
MLP-based classification head. The circuit encoder (Fig. 4),
sharing the pre-optimization architecture (Section III-A), is
composed of a 3-layer Graph Attention Network (GAT) and an
MLP. The GAT processes the circuit’s graph structure, while
the MLP processes scalar features (e.g., counts of PIs, POs,
and gate types). Their outputs are combined and projected
through a final Fully Connected (FC) layer to produce a
graph-level embedding fed to the classification head. Crucially,
the encoder is trained jointly with this classification task. Its
learned weights are frozen and reused as a feature extractor for
the pre-optimization model, ensuring a rich, general-purpose
representation beneficial for both tasks.

To generate robust training data, we derived ground-truth
labels via rigorous empirical evaluation. For a large corpus
of sub-circuits, each was optimized multiple times using
every candidate DAG representation within our GA-based
framework (Section III-D). The representation yielding the
best average NDP was assigned as the ground-truth label, en-
suring our classifier is trained to make demonstrably effective
decisions for our downstream optimization.

D. Globally-Aware Sub-Circuit Dynamic Optimization

After converting each sub-circuit to its optimal DAG repre-
sentation, we dynamically generate a targeted optimization
sequence for it. In this work, we use a GA for this purpose,
where each chromosome represents a fixed-length sequence of
standard synthesis operators.

The central challenge is defining an effective fitness func-
tion. A naive fitness based on a local metric (e.g., the sub-
circuit’s NDP) is flawed, as local improvements do not guaran-
tee global optimality. While recalculating the global NDP after
every local modification would provide a perfect fitness score,

its high computational overhead is prohibitive for dynamic
methods like GA. To overcome this, we propose a lightweight
approximate fitness function that efficiently models the global
impact of local changes.

Let Ny and D, be the node count and depth of the global
circuit prior to local optimization. For a given optimization
sequence applied to a sub-circuit, let AN; be the resulting
reduction in local node count, and let D n, be the new local
depth. We project the new global node count, N/, and depth,
D’g, as follows:

N} = N, — AN, @)

The calculation of the projected global depth, D', depends
on whether the sub-circuit lies on a critical path:

D, — AD;y,
max(Dyg, Di pew) —

;L if on crit. path,
D, =

3

A-AD;, otherwise.

Here, AD; is the reduction in the sub-circuit’s depth.
When a sub-circuit is not on the critical path, the term
max(Dy, Dy new) penalizes any depth increase that might
create a new critical path, while the factor A (a small constant,
e.g., 0.1) provides a soft incentive to reduce depth even on
non-critical paths. The fitness of a candidate sequence is then
defined as the estimated global NDP reduction:

Fitness = (N - Dy) — (N, - D). “4)

This globally-aware fitness function provides a much tighter
correlation to true circuit quality than local metrics, guiding
the GA to discover holistic optimization sequences that would
be inaccessible to methods reliant on local-only criteria.

IV. EVALUATION
A. Implementation and Environment

The GNN and Transformer models are developed with Python
using DGL and PyTorch. Pre-optimization is carried out
with Yosys [21] and ABC [11]. The DynaOpt framework’s
heterogeneous optimization is implemented in C++ based on
LSOracle [14], an open source logic synthesis framework
and Mockturtle [22], a logic network library supporting key
representations, including AIGs, MIGs, XAGs, and XMGs.
All experiments were conducted on a Linux machine with an
Intel(R) Xeon(R) 8383 CPU @ 2.60GHz and 4 NVIDIA RTX
3090 GPUs with CUDA Driver 12.2.

Our models were trained on datasets constructed from 1302
circuits and sub-circuits, which were collected from a wide
range of benchmarks, including EPFL [19], ISCAS’85 [23],
ISCAS’89 [24], ITC’99 [25], LGSynth’89 [26], LGSynth’91
[27], IWLS’93 [28], IWLS 2005 [29], LEKO/LEKU [30],
and OpenCores [31]. The dataset for the sub-circuit classifier
was labeled by empirically identifying the best-performing
DAG representation for each sub-circuit (Section III-C). For
the pre-optimization model, the training data consisted of
short synthesis sequences filtered to include only those that
demonstrably improved the final QoR (Section III-A). All
models were trained using the Adam optimizer.



TABLE I Technology-independent logic optimization result. NDP denotes the product of node count and depth.

Circuit Original LSOracle [14] HeLO [10] * DynaOpt (Ours)
node level NDP node level NDP node level NDP node level NDP
pico-rv 14551 31 451081 15124 18 272232 19268 18 346824 12780 15 191700
chip_bridge 58596 31 1816476 59180 19 1124420 | 58317 19 1108023 57532 17 978044
$38417 8594 28 240632 9198 19 174762 9522 16 152352 8271 16 132336
fpu 65750 33 2169750 60955 20 1219100 | 68099 20 1361980 60466 18 1088388
aes_core 13232 44 582208 14318 29 415222 21867 18 393606 9968 26 259168
des_perf 82373 20 1647460 79784 16 1276544 | 70176 15 1052640 76482 14 1070748
ethernet 67164 33 2216412 64909 22 1427998 | 71896 20 1437920 61065 20 1221300
dyn_node 3986 27 107622 4113 19 78147 4034 18 72612 3798 14 53172
vga_led 105334 22 2317348 102031 19 1938589 | 101534 17 1726078 103788 15 1556820
fpga_bridge || 318081 41 13041321 312498 31 9687438 | 324356 24 7784544 || 322419 20 6448380
i2¢ 1342 20 26840 1404 10 14040 1385 8 11080 1168 8 9344
mem_ctrl 46836 114 5339304 52819 69 3644511 56592 61 3452112 46258 54 2497932
normalize 1.000 1.000 1.000 1.018 0.669 0.680 1.106 0.591 0.640 0.929 0.551 0.511

TABLE II ASIC technology mapping result using ASAP7 PDK. ADP denotes the product of delay (ps) and area (um?).

Circuit Original LSOracle [14] HeLO [10] * DynaOpt (Ours)
area delay ADP area delay ADP area delay ADP area delay ADP
pico-rv 700.7 3252 227850.4 618.6  269.5 166728.6 831.6 290.0 241153.0 5640  283.8 160051.9
chip_bridge 26572 3089  820871.5 26134 2936 7672478 3028.2 2639  799010.0 2512.1  317.1  796448.6
$38417 418.7 3147 131790.0 428.9 296.7  127280.7 416.2 266.7 111016.0 420.6 2962  124578.0
fpu 27514 396.5 1090926.1 27654  341.0 943098.4 31279 324.8  1016209.0 28732  336.0 965449.3
aes_core 573.1 S511.8  293308.1 615.6 4417 2718955 1061.0  251.0 266276.0 562.0 4519  253954.4
des_perf 4459.3  264.8 1180943.2 44929  239.1 1074117.6 | 3457.8 232.8 804807.0 4210.7  249.1 1049009.2
ethernet 3131.6  345.1 1080736.1 2872.1 3424  983464.5 3407.0  289.4 985948.0 2739.1 3145  861461.8
dyn_node 190.1 299.5 56932.0 196.5 241.0  47353.2 205.5 231.7 47610.0 199.4 2409  48026.2
vga_lcd 4766.1  387.1 1844898.0 4676.2 3402 1591043.9 | 5627.5 259.5  1460459.2 42924  338.8 1454100.2
fpga_bridge || 14044.7 515.1 7234430.1 14997.7 430.1 6451123.6 | 163857 3409 5585048.8 || 14458.8 455.7 6588735.1
i2c 532 132.1 7024.8 60.3 107.0 6451.3 60.2 131.7 7931.6 57.4 107.4 6164.6
mem_ctrl 1826.5 997.9 1822553.1 19355  849.0 16431257 | 23952  1021.3 24462142 1841.7  826.8 1522807.8
normalize 1.000 1.000 1.000 1.014  0.877 0.887 1.170 0.812 0.932 0972 0.886 0.859

HeLO* is non-open source, and results are quoted from original paper. The discrepancy primarily arises from Verilog-to-AIG conversion.

B. Experimental Settings

We evaluate our proposed framework, DynaOpt, against two
competitive baselines: the open-source LSOracle [14], and the
current SOTA work, HeLLO [10]. The evaluation is conducted
on two distinct benchmark suites.

First, for comparison with the closed-source HeLO, we
use the benchmarks from their publication and cite their
reported results directly. Since converting Verilog to AIG via
yosys [21] may introduce initial structural variations, we
re-ran LSOracle on our specific netlists. Second, for a more
controlled evaluation and our ablation studies, we perform a
detailed comparison against LSOracle on the AIG-based EPFL
benchmark suite [19].

Following the approach of HeLO, both DynaOpt and LSO-
racle were run with partition counts ranging from 2 to 10 for
each circuit, with the best-performing result reported for each.
For its internal parameters, DynaOpt uses a pre-optimization
length of L = 10 and a final GA-generated sequence of
length L = 10 (population size 8, 5 generations). To ensure
fairness, the set of optimization operators available to DynaOpt
is identical to those in LSOracle’s fixed scripts.

For technology-independent comparison, all netlists are
evaluated on the XMG representation. Both DynaOpt and
LSOracle natively produce XMGs. Although HeLO reports
results as MIGs, any MIG can be losslessly converted to an
XMG [12], [13], ensuring all metrics are directly comparable.

For post-synthesis evaluation, we map all optimized netlists
to the ASAP 7nm standard cell library [32] (typical-typical

corner, RVT cells). To maintain consistency, we use the exact
mapping script provided by LSOracle within ABC. Post-
mapping area and delay are extracted via stime -c, with
the Area-Delay Product (ADP) serving as the primary metric.

C. Comparison with SOTA on HeLO Benchmarks
This section evaluates DynaOpt against LSOracle and the
SOTA method, HeLLO, on the benchmark suite that established
the SOTA, ensuring a direct and relevant comparison.

1) Technology-Independent Results

TABLE I presents the technology-independent results, nor-
malized to the initial circuit’s NDP (1.0). DynaOpt demon-
strates superior quality, reducing the average NDP to 0.511,
significantly surpassing both the normalized HeLO result
(0.640) and the LSOracle baseline (0.680). Moreover, Dy-
naOpt improves upon the LSOracle baseline by 24.9% (0.511
vs. 0.680), whereas the original HeL O literature reports only
an 8.0% (0.619 vs. 0.673 in [10]) gain over its corresponding
baseline. Notably, DynaOpt achieves the best NDP on 11 out
of 12 benchmarks, underscoring the consistent power of our
dynamic, globally-aware optimization strategy compared to
prior static approaches.

2) Technology-Mapping Results

The post-mapping results, shown in TABLE II, confirm that
our technology-independent advantages translate effectively
to physical metrics. Normalized to the initial ADP (1.0),
DynaOpt achieves the lowest average ADP of 0.859. It is note-
worthy that the mapping results from the original HeLO [10]
appear less competitive than those from the LSOracle baseline



TABLE III In-depth analysis and ablation study on the EPFL benchmark suite.

benchmark Original LSOracle [14] w/o Pre-Opt w/o Dynamic-Seq w/o Aware-Part DynaOpt (Ours)
node level NDP node level NDP node level NDP node level NDP node level NDP node level NDP
adder 1020 255 260100 1697 21 35637 1459 19 27721 1896 19 36024 1203 18 21654 1633 14 22862
cavlc 693 16 11088 707 15 10605 631 11 6941 663 11 7293 608 11 6688 627 10 6270
ctrl 174 10 1740 128 7 896 108 5 540 98 5 490 94 5 470 95 5 475
div 57247 4372 250283884 || 121464 841 102151224 || 74606 1171 87363626 | 60763 814 49461082 | 84798 684 58001832 || 39222 668 26200296
i2c 1342 20 26840 1404 10 14040 1356 8 10848 1256 8 10048 1196 7 8372 1188 8 9504
int2float 260 16 4160 251 13 3263 236 8 1888 217 10 2170 208 9 1872 220 8 1760
log2 32060 444 14234640 38853 281 10917693 || 32903 160 5264480 | 36692 224 8219008 | 33697 171 5762187 || 32635 162 5286870
max 2865 287 822255 4361 70 305270 3525 51 179775 3066 52 159432 4317 27 116559 3770 28 105560
mem_ctrl || 46836 114 5339304 52819 69 3644511 54642 48 2622816 | 48246 53 2557038 | 54891 46 2524986 || 43060 53 2282180
multiplier || 27062 274 7414988 37351 139 5191789 29647 88 2608936 | 33240 118 3922320 | 46445 57 2647365 || 32014 83 2657162
priority 978 250 244500 1054 130 137020 568 96 54528 624 61 38064 518 45 23310 539 43 23177
router 257 54 13878 415 17 7055 205 11 2255 242 11 2662 225 11 2475 234 11 2574
sin 5416 225 1218600 6483 141 914103 5865 97 568905 5653 122 689666 6736 91 612976 5399 91 491309
sqrt 24618 5058 124517844 || 17863 5061 90404643 || 27310 764 20864840 | 17266 4034 69651044 | 27482 681 18715242 || 24043 930 22359990
square 18484 250 4621000 22161 50 1108050 14627 38 555826 19020 43 817860 11787 27 318249 12986 29 376594
voter 13758 70 963060 10310 76 783560 7584 42 318528 8090 51 412590 4666 39 181974 4949 41 202909
normalize 1.000  1.000 1.000 1.210  0.560 0.590 0976  0.352 0.322 0.977 0.421 0.377 0.997 0.313 0.282 0.900 0.321 0.266

in our experiments. This anomaly in relative performance
stems from differences in the initial circuit generation and
mapping flows within the experimental environments.

While the performance margin narrows after mapping due
to the non-linear translation from logic to physical metrics, it is
significant that DynaOpt still delivers the best final ADP. This
underscores the robustness of the logic structures discovered
by our framework in a complete synthesis flow.

D. In-depth Analysis on EPFL Benchmarks

To isolate the sources of our performance gains, we conduct
an in-depth analysis of the AIG-based EPFL benchmarks.
This controlled environment allows for a direct comparison
with LSOracle and a rigorous ablation study quantifying the
contribution of each of our architectural innovations.

As summarized in TABLE III, our full DynaOpt framework
demonstrates a commanding advantage, achieving an average
NDP reduction of 73.4% from the initial circuits. This sub-
stantially outperforms LSOracle, which achieves a 41.0% re-
duction, reaffirming the benefits of our holistic approach. This
adaptability is visualized in Section III-A. While LSOracle’s
optimal performance clusters at small partition counts (k = 2
or 3), DynaOpt’s is distributed far more evenly. This highlights
the limitation of a fixed strategy and confirms the value of our
adaptive search over different granularities.

The primary focus of this analysis is the ablation study,
which systematically deconstructs our framework to validate
each key component. We tested three ablated versions: 1)
w/o Pre-Opt, which disables the global pre-optimization;
2) w/o Dynamic-Seq, which substitutes our dynamic se-
quence generation with LSOracle’s fixed optimization script;
and 3) w/o Aware-Part, which replaces our partitioning
algorithm with the one used by LSOracle. These results are
telling. An interesting nuance is that the w/o Aware-Part
ablation occasionally yields slightly better level improvements.
We attribute this to our approximate fitness function, which
can mis-prioritize sub-critical paths, causing them to become
critical post-optimization. However, the full DynaOpt frame-
work’s consistently superior NDP confirms its more effective
global trade-off. While all components contribute, the dynamic
discovery of a bespoke optimization sequence is the most
significant performance driver. This empirically proves Dy-

TABLE IV Runtime comparison in seconds (s).

Circuit LSOracle [14] DynaOpt (Ours)
adder 6 32
cavle 7 166

ctrl 4 67
div 634 2094
i2c 6 54

int2float 4 13
log2 314 611
max 12 83

mem_ctrl 340 519
multiplier 189 993

priority 6 76

router 4 24
sin 37 155
sqrt 101 534

square 90 569

voter 54 166
normalize 0.228 1.000

naOpt’s quality stems from its synergistic design, with the
globally-aware GA search at its core.

Finally, TABLE IV presents the runtime comparison. On
average, LSOracle’s runtime is 0.228x that of DynaOpt. This
runtime overhead is an expected trade-off from the extensive
search space explored by our GA to discover higher-quality
solutions. The significant leap in optimization quality justi-
fies this additional computational investment for applications
where final circuit performance is paramount.

V. CONCLUSION

This paper introduces DynaOpt, a heterogeneous logic op-
timization framework that adaptively generates custom opti-
mization sequences. The proposed approach first leverages a
timing and structure-aware partitioning method, followed by
a GNN to assign the optimal DAG representation to each
partition. Crucially, a GA then generates a bespoke optimiza-
tion sequence for each sub-circuit, guided by a globally-aware
fitness metric. Experimental results demonstrate that DynaOpt
outperforms the SOTA framework, establishing a new, more
adaptive direction for logic synthesis.
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