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Abstract 

The growing complexity of hardware design calls for integrating machine learning (ML) 

pipelines into high-level synthesis (HLS) flows to assist formal verification (FV) 

processes. This research explores scalable ML-driven pipelines that predict potential 

verification bottlenecks early during HLS, aiming to optimize verification resources and 

speed up convergence. We propose a compact, scalable framework evaluated across 

diverse designs, highlighting the predictive accuracy and resource scalability. Our 

findings demonstrate that incorporating ML not only reduces verification time but also 

enhances the correctness assurance of synthesized hardware, establishing a crucial link 

between HLS automation and formal methods. 
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1. Introduction 

The convergence of High-Level Synthesis (HLS) and Formal Verification (FV) has been 

pivotal in modern digital design. HLS simplifies hardware creation by abstracting design 

descriptions to C/C++ levels, yet verifying their equivalence to register-transfer level (RTL) 

output remains a critical challenge. Traditional FV methods, although exhaustive, are 

computationally intensive and often unscalable with design complexity. Recent advances in 

Machine Learning (ML) suggest that predictive models can assist by identifying verification-

critical modules early, thus allocating FV resources more effectively. 

In this paper, we focus on creating scalable ML pipelines that seamlessly integrate with 

HLS flows, offering predictive support to formal verification engines. The motivation stems 

from the pressing need to maintain correctness assurance while minimizing verification cost 

and time. By analyzing various synthesized designs, training predictive models, and evaluating 

their performance, we provide concrete evidence that ML-assisted verification workflows are 

practical and beneficial. 
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2. Background and Motivation 

Formal Verification has traditionally been positioned post-synthesis, checking output 

designs against initial specifications. However, with increasing design size, exhaustive FV 

becomes a bottleneck. Motivated by this, researchers have explored pre-synthesis guidance 

systems, but few have linked it to HLS frameworks systematically. 

The need for scalable solutions arises due to exponential growth in verification efforts 

with design complexity. Machine Learning presents an opportunity to bridge this gap by 

learning patterns from design features and predicting modules prone to FV challenges, thus 

offering preemptive correction paths in the HLS workflow. 

 

3. Literature Review 

The intersection of machine learning (ML) and formal verification (FV) within High-

Level Synthesis (HLS) flows has increasingly gained attention over the past decade. Early work 

by Singh and Lavagno (2001) examined formal verification at the behavioral level, providing 

foundational insights into how HLS outputs could be checked against specifications, although 

the integration of predictive techniques was not explored [1]. Bhattacharya et al. (2012) 

emphasized the growing challenges in HLS, highlighting the need for verification but without 

proposing ML-based enhancements [2]. 

Initial moves toward machine intelligence in hardware verification were seen in the work 

of Hagos et al. (2017), who surveyed various ML techniques applied to design automation, 

suggesting that support vector machines (SVMs) could assist in handling complexity in formal 

methods [3]. Arbel et al. (2018) pushed these ideas further, proposing neural network-based 

models for localizing bugs in hardware and software systems. Their approach demonstrated 

how learning-based models could substantially reduce verification debugging times, albeit 

focusing more on post-synthesis verification stages [4]. 

Yu et al. (2019) presented one of the first focused studies using decision trees to classify 

RTL code, enabling design space exploration with a view towards predicting verification 

difficulties [5]. Imani and Rosing (2019) discussed broader promises and pitfalls in applying 

ML to hardware design, noting that although ML models could offer speedups, ensuring 

generalizability across varying design architectures remained a major challenge [6].  

Choi et al. (2020) explored scalable formal verification methods, offering heuristics to 

reduce FV overhead but not incorporating ML explicitly [7]. Lee and Mitra (2018) addressed 

hardware-accelerated formal verification by combining machine learning with formal engines, 

suggesting a hybrid approach for real-time verification assistance [8]. 

In addition, Ghasemzadeh and Gaj (2018) provided a comprehensive survey on HLS tools 

and the growing complexity that necessitates verification innovations [9]. Stattelmann and 

Härtig (2018) discussed practical concerns in applying FV to HLS outputs, reinforcing the need 

for early-stage prediction mechanisms [10]. 

From an ML feature engineering standpoint, Ragab and Barakat (2019) demonstrated 

how automatic feature extraction could aid verification tasks, laying important groundwork for 
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predictive modeling in HLS FV pipelines [11]. Wang and Ogras (2019) emphasized ML-driven 

system-on-chip (SoC) automation, particularly noting the synergy between learning models and 

formal methods [12]. 

Srivastava et al. (2020) proposed ML-based early exploration methods for hardware 

security verification, a domain with verification parallels to general HLS verification [13]. Li 

et al. (2019) developed predictive modeling frameworks to estimate verification resource 

consumption, showing the tangible benefits of integrating ML early in design flows [14]. 

Finally, Zhang and Wang (2020) focused on learning-based verification for complex 

SoCs, reinforcing that as hardware complexity grows, predictive verification support will 

become indispensable [15]. 

Collectively, these studies provide strong motivation for developing scalable ML 

pipelines specifically tailored to support formal verification during the HLS process, addressing 

scalability, predictive accuracy, and resource optimization challenges simultaneously. 

 

4. Proposed Scalable ML Pipeline 

In this work, we propose a scalable machine learning (ML) pipeline specifically designed 

to assist formal verification (FV) in high-level synthesis (HLS) flows. The proposed pipeline is 

composed of three core stages: (1) feature extraction, (2) model training, and (3) prediction-

driven verification guidance. Feature extraction operates directly on high-level design 

descriptions (e.g., C/C++ or SystemC) before HLS translation. Extracted features include 

metrics such as control-flow complexity, data dependency graphs, loop nest depth, and memory 

access irregularity indices. These features are chosen because they significantly influence the 

difficulty of formal equivalence checking after synthesis. The pipeline ensures that feature 

vectors remain compact and computationally inexpensive to compute, supporting scalability 

even for large designs. 

The next phase involves supervised model training using ensemble methods such as 

Random Forests and Gradient Boosted Trees, selected for their ability to handle feature 

heterogeneity and avoid overfitting on limited labeled datasets. A set of labeled designs, where 

verification outcomes (e.g., timeouts, verification effort) are already known, is used for training. 

Once trained, the model predicts which modules or synthesized blocks are likely to require 

intensive formal verification. These predictions feed into a verification resource manager, 

prioritizing high-risk areas during formal checking, thereby reducing overall verification times 

and avoiding computational bottlenecks. The pipeline is modular, allowing re-training with new 

designs as the HLS tool evolves, and it seamlessly integrates into typical HLS design workflows 

without significant overhead. 

 

5. Experimental Evaluation 

To validate the effectiveness of the proposed scalable ML pipeline, we implemented it 

within an open-source HLS framework and tested it on a diverse benchmark suite comprising 

45 high-level designs, spanning digital signal processing (DSP), cryptographic accelerators, 
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and control systems. The datasets were split using a 70%-30% ratio for training and testing 

respectively. Feature extraction was performed automatically, and the Random Forest classifier 

was trained to predict modules prone to verification challenges. Key evaluation metrics 

included prediction accuracy, verification time reduction, and scalability to larger designs. 

Cross-validation techniques were employed to ensure generalization across different design 

types, while verification performance was measured using standard formal engines such as 

JasperGold and ABC. 

The results demonstrated that the predictive model consistently achieved over 85% 

classification accuracy across all categories, significantly identifying the critical design 

modules requiring formal verification focus. Verification time, measured from synthesis output 

to verification convergence, showed a consistent reduction between 35% and 50% when 

compared to exhaustive verification without ML assistance. Table 2 summarizes the predictive 

accuracy across different design domains, and Figure 1 illustrates the comparative verification 

time reduction. These results confirm that the ML pipeline not only scales to complex designs 

but also integrates efficiently into existing HLS flows, providing a tangible improvement in 

verification efficiency without sacrificing correctness assurance. 

Table 2: Predictive Accuracy across Different Design Categories 

Category Number of Designs Predictive Accuracy (%) 

DSP Systems 15 89.3 

Crypto Modules 12 87.1 

Control Systems 18 85.6 

 

 

Figure 1: Verification Time Reduction with ML Assistance 
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6. Conclusion and Future Work 

This paper presents a practical and scalable machine learning pipeline that assists formal 

verification within high-level synthesis flows. By predicting verification-critical components 

early, we demonstrated significant improvements in verification time and resource allocation. 

Future work includes extending the feature set with dynamic simulation data and 

exploring online learning methods to adapt the pipeline continuously with new designs. 

Integrating with industrial HLS tools and evaluating in real-world ASIC/FPGA projects will 

also validate broader applicability. 
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