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Where Verification Engineers Spend their Effort?

Source: Siemens EDA/Wilson Research Group Functional Verification Study, 2022.

● Approximately 55–56% of IC/ASIC project time is spent on verification



LLM-Assisted Hardware Verification Workflows
● Current LLM-based full verification workflows overlook test stimulus coverage. 

[1] Qiu, Ruidi, et al. "Correctbench: Automatic testbench generation with functional self-correction using llms for hdl design." DATE, 2025.

[2] Zhao, Yujie, et al. "PRO-V-R1: Reasoning enhanced programming agent for RTL verification." DAC (2026).
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→ Verification Blind Spot: If the Input Stimulus isnʼt exercising all behaviors, it can 
leave undetected bugs in both the golden model (FRM) and DUT RTL



How to incorporate Coverage Tool Feedback ? 
● Coverage reports are massive!!!
● They also contain useful textual feedback signals. 



(a) CovR Agentic Workflow

The quality of the generated testbenches on the Generator.
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(b) CovR Training Framework
● Two stage training pipeline: 

○ SFT-Stage:  
■ Learn to generate high coverage testbenches from teacher-generated 

demonstrations.
○ RL-Stage:

■ Refines the SFT policy policy through EDA-tool feedback to maximize code 
coverage while preserving valid,executable testbenches.



Experimental Setup: Tools & Metrics

Evaluation Set # Designs

VerilogEval + RTLLMV2.0 203

CVDP (cid012) 83

Tool

Simulation & Coverage Synopsys VCS

RTL Mutant Generation Yosys MCY

Metrics

pass@k Testbench compiles

cov@k Code Coverage



Experimental Results
❌   Direct Inference
✓    Agentic

Coverage  

Testbench compiles

→ SFT+RL+Agentic progressively improves performance achieving a final cov@1 of 91.47% on verilogeval, 79.86% on CVDP

→ Qwen-2.5-Coder-CovR surpasses teacher model (gpt-4o-mini) by 7.22% on VerilogEval and 10.91% on CVDP on cov@1

→ Self-Reflection Loop improves cov@10 over iterative feedback loop by 6.43% on VerilogEval+RTLLM V2.0 and 13.61% on CVDP
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Experimental Results: cov@1 progression

2.  +SFT
3. +RL 4. +Agentic

1. Vanilla

→ SFT + RL + Agentic refinement progressively shifts generated stimuli toward near-complete RTL coverage.



Experimental Results: cov@1 progression

→ SFT provides a strong coverage boost, while RL and agentic feedback progressively 
close the remaining gap (44% → 64% → 79% → 86%).

FSM is the hardest



Verification
(DUT against Oracle)

CovR as a plug-in Stimulus Engine
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CovR enables the driver (stimulus generation) track.

Oracle Generation

    FRM

Functional Reference Model

MutantsDUT RTL

Fault 
Injection

  Input Stimulus

PRO-V-R1 & 
CorrectBench



Integrating CovR With Full Verification Workflows

● Coverage increased by 17.2% on average

● Eval2-100: Detects 100% of the RTL mutants  increased by 3.0%.

● Eval0: Verification harness compiles without syntax or runtime errors increased by 10.8% on average

● Eval1: Generated reference model (FRM) correctly accepts the golden RTL decreased by 8.9%



Case Study: CovR Reveals Latent FRM Bugs 

Edge Triggered

Golden RTL 
in VerilogEval

75% 
Coverage

100% 
Coverage

FRM isnʼt transparent when ena is high!



Case Study: CovR Improves Mutation Kill Score



Thank You!
https://github.com/scale-lab/CovR


