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Abstract: This paper surveys recent advances in Register-Transfer Level (RTL) optimization and logic synthesis for high-performance
VLSI systems and proposes a hybrid methodology that integrates partition-based rewriting, ML-guided heuristic selection, and multi-
objective approximate transformations to optimize area, timing and power. The paper presents a detailed literature review from the
last 5-7 years, formalizes the optimization problem, describes the proposed algorithmic flow and mathematical modeling, and reports
illustrative comparative results demonstrating the potential benefits and trade-offs of the approach. Finally, a comprehensive
comparative analysis, conclusions and directions for future work are provided. Key contributions include (1) a synthesis flow
combining partitioning, ML-guided pass selection, and approximate-aware rewriting, (2) a cost-model and optimization algorithm
suitable for large designs, and (3) an experimental evaluation (illustrative) and a roadmap for reproducible evaluation on standard
benchmarks.
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1. Introduction

Increasing transistor density and rising design complexity push modern digital designs toward aggressive
optimization requirements. Logic synthesis, the transformation from RTL into gate-level netlists, remains a critical
phase where area, critical-path delay, and power must be co-optimized. Traditional logic-synthesis heuristics (rule-
based rewriting, cut-based mapping, technology mapping) scale well but sometimes fail to achieve the Pareto
frontier when design constraints are strict or when complex trade-offs exist. Recent research explores data-driven
and partition-aware strategies, approximate transformations, and reinforcement/ supervised learning to guide
synthesis passes and cost decisions. Combining these strategies can improve Quality of Results (QoR) while
maintaining functional correctness or exploitable, bounded approximation for application-tolerant domains. This
work synthesizes the recent body of work, formalizes a combined methodology, and proposes an evaluation plan
showing the expected benefits and costs of the hybrid approach.

2. Detailed Literature Review
2.1. Classical logic synthesis and modern challenges

Traditional logic synthesis tools perform a sequence of optimisation passes: constant propagation, Boolean
rewriting, structural hashing, technology-independent optimizations, retiming (for sequential designs), and
technology mapping. These algorithms rely on domain-specific heuristics and greedy local transformations. As
designs scale and heterogeneity increases (hardware accelerators, deep learning accelerators, networking), such
heuristics may not capture global trade-offs—especially when multiple objectives (area, timing, power, routability)
conflict. The need to scale to very large circuits and to manage complex constraints (multi-clock, power gating,
floor planning interactions) motivates new methods that either change the search space (e.g., approximate
transforms) or improve guidance (e.g., ML-based pass selection).

2.2. Partitioning, hierarchical optimization, and rewriting

Partition-based strategies divide a large circuit into smaller subcircuits that can be optimized separately, allowing
heavier optimizations or even SAT/SMT-backed transformations on smaller regions. Recent works have shown
that careful partitioning combined with local rewriting yields better global QoR due to improved ability to explore
transformations inside partitions and then stitch results together. Partitioning also enables parallelization of
optimization (helpful for HPC). Recent open-source work demonstrates partitioning plus RL-guided optimization
to achieve strong QoR on large networks.

2.3. Approximate logic synthesis and application-tolerant trade-offs
Approximate logic synthesis (ALS) intentionally trades computational accuracy for gains in area, timing, or power
and is highly relevant in error-tolerant applications (ML inference, multimedia, low-power IoT). Surveys and new

methods extending ALS to FPGA-targeted flows and generalized algebraic transformations have shown
meaningful QoR improvements (significant area/power reductions with controlled quality loss). There is
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increasing research into principled optimization (e.g., decision tree based approximations, SMT-guided
simplifications) that provides better controllability and guarantees than ad-hoc approximations.

2.4. Machine learning for synthesis: QoR prediction, pass selection, and policy learning

Multiple studies explore ML for predicting Quality of Results (QoR) or for guiding the selection and ordering of
synthesis passes. Approaches range from supervised regression models that estimate post-synthesis metrics using
extracted RTL/IR features to reinforcement learning agents that learn optimization policies. ML models have been
used for HLS design space exploration, fast QoR estimators, and pass-tuning. Empirical evidence suggests ML-
guided DSE can reduce exploration time dramatically while maintaining or improving QoR. However, challenges
remain: dataset representativeness, generalization across design families, and interpretability.

2.5. Multi-objective optimization and cost models

State-of-the-art synthesis increasingly uses multi-objective search—either via Pareto frontier exploration,
weighted cost functions, or constrained optimization—and benefits from improved cost models that combine RTL-
level shape features, gate-level estimations and routing-aware heuristics. Recent work leverages surrogate models
to replace costly netlist-level evaluations and uses these surrogates inside search algorithms to guide decisions.

2.6. Open-source flows, reproducibility and tooling

The EDA research community benefits from open-source projects (Yosys, ABC, open-source rewriting tools) and
recent open-source research flows that integrate ML or RL for optimization. These projects enable reproducible
experiments, fair comparisons and rapid prototyping of new passes. Recent open-source frameworks demonstrate

that advanced optimizations can be integrated into flows for broad evaluation.

2.7. Summary of gaps and opportunities

. Scalability vs. global optimality: Heavier, search-based, or exact methods produce better local circuits
but often fail to scale; partitioning and surrogate models may bridge this gap.

. Data-driven generalization: ML models show promise but require diverse training sets and careful
feature engineering to generalize across IP and microarchitecture styles.

. Approximation safety: ALS gains are appealing for application-specific domains but require rigorous
error modeling and verification to bound functional impact.

. Automation of pass selection: Automating synthesis tuning via ML or guided search reduces costly

human tuning cycles and increases reproducibility. Patents and industrial systems reflect strong interest in
automation/tuning frameworks.

3. Problem Statement

Modern high-performance VLSI systems demand simultaneous minimization of area, worst-case delay and power
under practical runtime constraints for synthesis. Existing flows rely on deterministic heuristic optimization passes
whose fixed ordering and parameters are often sub-optimal for many designs. The problem addressed in this paper
is: How to design an RTL-to-gates synthesis flow that (a) finds better QoR (area/timing/power) than
standard flows, (b) scales to large designs, and (c) maintains or provides controlled functional correctness
(or bounded approximation) while remaining practical in runtime?

Formally, let D be an RTL design, M a synthesis flow parameterization (ordering, pass parameters, partitioning),
and C a cost vector (area, delay, power). We seek M*:

M7 =\arg\min_{M \in \mathcal{M}} \; w A A(D,M)+w_T T(D,M) +w_P P(D,M)

subject to constraints (e.g., T(D,M) < T _spec, error <¢). Here A, T, P are area, timing, and power metrics returned
after mapping; w_A, w_T, w_P are user weights or trade-off coefficients. The design space \mathcal{M} is
enormous; exhaustive search is infeasible, so the objective is to find better approximations to M"* efficiently.

4. Proposed Methodology / Design Approach

4.1. Overview
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I propose a 3-stage hybrid flow:

L. Front-end analysis & feature extraction: Extract structural features from RTL (module hierarchy, fan-
in/fan-out distributions, arithmetic operators, bit-width histograms, control-dominant vs data-dominant regions).
These features feed ML models for QoR prediction and partitioning heuristics.

2. Partitioning & local optimization: Partition the design into subcircuits (balanced by cut-size and
criticality). For each partition, apply advanced rewriting and multi-objective pass sequences. Partitions allow
heavier local exploration (e.g., local SAT-based rewriting, exploration of approximate transformations when
permissible). Partition stitching includes interface resynthesis and cross-partition retiming.

3. ML-guided pass selection and surrogate evaluation: Use an ML model (supervised or multi-task) to
predict likely beneficial pass sequences and their expected QoR (surrogate). Use the surrogate to rank candidate
optimization sequences and only run the most promising ones at the netlist level. This reduces expensive full-
synthesis evaluations. Optionally use RL for policy learning when sufficient training runs exist.

A block diagram of the flow: RTL input — Feature extractor — Partition engine — For each partition: candidate-
transforms — surrogate / ML predictor — real evaluation using synthesis backend — stitch results — final global
mapping & verification.

4.2. Partitioning strategy

. Use graph-cut (multi-level) heuristics weighted by critical path influence and controllability/observability
metrics.

. Ensure partition boundaries minimize cut-size to keep interface overhead low.

. Balancing objective: a target partition size enabling local exhaustive OR higher-cost optimization (e.g.,
<N gates).

4.3. ML models and features
. QoR predictor: Gradient-boosted regression (e.g., XGBoost) or a multi-task deep network predicting

area, delay and power for candidate pass sequences given RTL features and candidate sequence encoding. Training
targets are results from prior syntheses.

. Pass selector: Classification/regression model producing top-K sequences for a partition.
. Surrogate for multi-objective search: Bayesian optimization or multi-task network acting as fast
evaluator.

Feature examples: node counts, operator histograms, average cone depth, logic depth histogram, fanout statistics,
arithmetic block counts, initial estimated critical path, register density.

4.4. Approximation management

. For approximate transformations, user defines application-domain tolerances (e.g., +€ in output accuracy
or loss in signal-to-noise ratio). An approximation manager chooses replacements (e.g., approximate adders,
truncated arithmetic) and quantifies expected error using statistical or formal (SMT) analysis to ensure global error
bounds.

4.5. Verification & correctness

. Use equivalence checking (formal or SAT-assisted) for transformations that must preserve functionality.
. For approximate partitions, perform property checking to verify whether outputs remain within
acceptable error thresholds.

4.6. Integration with existing EDA backends

. Backend options: Yosys + ABC (open-source) or commercial synthesis tools (Synopsys Design

Compiler, Cadence Genus). The flow is backend-agnostic; surrogate models are trained per-backend to account
for different mapping characteristics.
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5. Tools & Technologies Used

. Front-end & feature extraction: Custom Python scripts using RTL parsers (Verilog parsers - Pyverilog
or custom ANTLR grammars).

. Partitioning & graph algorithms: METIS-like partitioning utilities or custom multi-level graph
partitioners.

. Optimization backend: Yosys + ABC (for open-source), and optionally Synopsys Design Compiler for
gate-level confirmation.

. ML framework: scikit-learn (XGBoost), PyTorch for deep models, and Optuna/Bayesian optimization
libraries for hyperparameter and sequence search.

. Verification: ABC formal equivalence checking, commercial formal tools for large designs when
available.

. Benchmarks (for evaluation): ISCAS85/89, EPFL arithmetic & crypto suites, open-source industrial
samples.

. Visualization & reporting: Matplotlib / pandas (chart shown above). (I used the environment to create
an illustrative comparative chart and table.)

6. Mathematical Models / Equations (where applicable)
6.1. Cost function
Define a weighted cost function:

\mathcal {C} (D, M) =\alpha \frac{A(D, M)} {A 0} +\beta \frac{T(D, M)} {T 0} +\gamma \frac{P(D, M)} {P_0}
+\lambda R(D,M)

. A, T, P = area, timing (worst-case), dynamic power.

. A 0, T 0,P_0=normalization constants (e.g., baseline flow results).

. \alpha,\beta,\gamma = user-specified weights.

. R(D,M) = runtime penalty (normalized), \lambda scales how much runtime overhead matters.

Optimization becomes \min_M \mathcal {C}(D,M) subject to functional constraints.
6.2. Surrogate loss for ML QoR predictor

Given dataset \{(x i, y_i)\}, where x i are features and y i QoR outcomes, train f(-) to minimize mean squared
error:

\mathcal {L}(\theta) = \frac{1} {N}\sum_{i=1}"{N} \| y i-f \theta(x i)\|"2 + \eta \|\theta\|"2
6.3. Partitioning integer formulation (conceptual)

Let G=(V,E) be logic graph, assign partition labels p v\in\{1..k\}. Minimize cut edges weight with balance
constraints:

\min \sum_{(u,v)\in E} w_{uv} [p_u\neq p_v]\quad\text{s.t.}\quad \forall j,\; \sum_{v:p v=j} s v\le S {\max}
This is NP-hard; use multi-level heuristics.

7. Algorithm / RTL Flow / Pseudocode

7.1. High-level pseudocode

Input: RTL design D, constraints (T_spec, error_budget), backend tool B

Output: Optimized gate-level netlist N

1. features = ExtractFeatures(RTL=D)
2. partitions = PartitionDesign(RTL=D, features, size target)
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3. for each partition p in partitions:
candidate_sequences = GenerateCandidateSequences(p)
predicted_qor = QoRPredictor.predict(features[p], candidate_sequences)
top_k = SelectTopK(candidate sequences, predicted qor, k=K)
best local = None
for seq in top_k:
transformed p = ApplyPassSequence(p, seq)
if seq contains approximate transforms:
approx_ok = ApproxManager.check(transformed p, error budget)
if not approx_ok: continue
netlist p = SynthesizePartition(transformed p, backend=B)
real _qor = EvaluateQoR(netlist p, metrics=[A,T,P])
if better than best_local: best_local = (seq, netlist_p, real _qor)
Store optimized partition best local
4. stitched netlist = StitchPartitions(optimized_partitions)
5. global opt = GlobalOptimizations(stitched netlist, backend=B)
6. run equivalence/approx-check for final netlist
7. return final netlist

7.2. Notes

. GenerateCandidateSequences can use a grammar of passes (rewrites, refactoring, mapping heuristics) and
sample via Monte Carlo or learned policy.
. QoRPredictor is the ML surrogate; training performed offline on prior syntheses.

8. Results & Discussion (Illustrative)

Because performing full real-world synthesis experiments requires tool runs on actual benchmarks, here I present
an illustrative experimental outcome to show how to present results and comparative analysis. The
visualization/table I generated above is based on a hypothetical experiment comparing:

. Baseline flow: Standard synthesis pass ordering and default parameters (e.g., Yosys/ABC default).

. Proposed flow: Partition + ML-guided pass selection + approximate-aware rewriting.

8.1. Mllustrative metrics (from generated table/chart)

Area (LUTs): Baseline = 100,000; Proposed = 85,000 (=15% reduction).

Timing (worst path, ns): Baseline = 2.50 ns; Proposed =2.10 ns (=<16% improvement).
Power (W): Baseline = 5.0 W; Proposed = 4.2 W (=16% reduction).

Optimization runtime (relative): Baseline = 1.0x; Proposed = 1.3x.

The chart and table were generated and displayed above as an illustrative demonstration (table titled Comparative
Results (Illustrative)). These numbers are intentionally representative to show the types of improvements
achievable given the hybrid flow and plausible settings; actual numbers depend on benchmarks, backend mapping
and user constraints. (See tool & tech above: Yosys/ABC or commercial backends produce different base values.)

8.2. Discussion

. Area/timing/power trade-off: The proposed flow balances multi-objective trade-offs by ranking
candidate transformations via a surrogate model; illustrative results show simultaneous improvements in all three
metrics, which is possible when local rewriting removes redundant logic and approximate transforms reduce
arithmetic cost.

. Runtime overhead: Increased optimization time (=30% in the illustrative example) comes from
evaluating top-K candidates per partition. Using accurate surrogates and reducing K can bound runtime growth.

. Scalability: Partitioning mitigates scalability issues—the flow allows heavier optimizations locally
without exploding overall runtime.

. Reliability: For modules requiring strict functional preservation, the flow falls back to equivalence-
enforced sequences; for tolerant modules, ALS provides additional gains at the cost of bounded accuracy loss.
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Caveat: The above metrics are hypothetical — provided to demonstrate the analysis and reporting format. For
reproducible claims, experiments must be run on chosen benchmarks and synthesis tool(s). Recent literature shows
similar magnitudes of improvements using ML-guided and approximate techniques in controlled settings.

9. Comparative Analysis Table & Graph

| Metric || Baseline (Default Flow)|| Proposed Hybrid FlowHChange (%)|
| Area (LUTS) | 100,000 | 85,000 | -15% |
| Timing (worst path, ns) || 2.50 || 2.10 || -16% |
| Power (W) | 5.00 | 4.20 | -16% |
|Optimization runtime (relative)| 1.00 | 1.30 | +30% |

lllustrative Comparative Results: Baseline vs Proposed Flow
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Figure 1: Comparative Results
10. Conclusion

I presented a hybrid RTL optimization and logic synthesis strategy integrating partitioning, ML-guided pass
selection and approximate-aware rewriting for high-performance VLSI systems. The approach addresses the key
limitations of purely heuristic synthesis flows by using data-driven surrogates to reduce expensive evaluations and
by enabling more aggressive local transformations through partitioning. Illustrative results show potential for
meaningful gains in area, timing and power at modest runtime cost. The proposed methodology is backend-
agnostic and compatible with open-source and commercial EDA tools.

11. Future Scope

. Full-scale evaluation: Run large-scale experiments across ISCAS, EPFL and industrial benchmarks with
Yosys/ABC and commercial backends; produce statistical analysis and ablation studies.

. Better surrogate models: Investigate graph neural networks (GNNs) over logic graphs for superior QoR
prediction and improved generalization.

. Active learning for dataset efficiency: Use active sampling to reduce the number of costly synthesis
runs needed to train predictors.

. Integration with placement & routing: Close the loop between synthesis and P&R to include routability
constraints and congestion-aware optimization.

. Hardware-aware approximation: Incorporate device-level characteristics (e.g., FPGA architecture
features, standard-cell libraries) to improve mapping efficiency.

. Explainability & trust: Provide interpretable recommendations for pass sequences to help engineers
trust ML-guided transformations.
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