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Chip Design in the Era of AI & Quantum

From Idea to IC, are we there yet?

Leon Stok 

VP EDA 

IBM
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Keynote Predictions
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1991: Architectural Synthesis and Optimization of Digital Systems

My PhD Thesis: 

Architectural 

Synthesis and 

Optimization of Digital 

Systems

CommonLisp

My master thesis: 

(1986)

From IDea to IC : the 

higher levels of a 

silicon compiler

https://pure.tue.nl/ws/files/3703081/353266.pdf
https://research.tue.nl/en/studentTheses/from-idea-to-ic-the-higher-levels-of-a-silicon-compiler
https://research.tue.nl/en/studentTheses/from-idea-to-ic-the-higher-levels-of-a-silicon-compiler
https://research.tue.nl/en/studentTheses/from-idea-to-ic-the-higher-levels-of-a-silicon-compiler
https://research.tue.nl/en/studentTheses/from-idea-to-ic-the-higher-levels-of-a-silicon-compiler
https://research.tue.nl/en/studentTheses/from-idea-to-ic-the-higher-levels-of-a-silicon-compiler
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Key topics today

From IDea to IC:   Are we there yet?

Will LLMs get us there? <no>

Will agentic AI get us there?
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Generative AI applicability in EDA flows [ICCAD2024]
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November 2024 GenRTL (chat-GPT4)
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Ali (Vibe RTL)

Use Bob tokes

My boss wrote a vague prompt and hit 

generate

RTL looks great but does not simulate 

correctly.

Let me add the AET as a picture

”I was not able to let it go..”  10:34pm 

Sunday

”After 4 hours of debug with Bob, 

changing design and testbench, and 
arguing whether it is one cycle or two 

cycle instruction, we seems both are 
giving up. “ 9:40pm Sunday

Vibe RTL
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Adding an AET (fsdb)
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RTL fixup flow

..to resolve 

• incorrect register writes, 

• unstable PC behavior, 

• multi-cycle stalls

• timing mismatches between 

fetch/execute/write-back
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16

Trained on 116 programming languages

Why are coding assistants a good fit for Agentic genAI?

a. SW has a good structure, well defined rules, Needs pattern matching over millions of lines of code.

b. IDEs are well defined.

c. Text in and text out,  single modal.

d. Programming languages evolve slowly with very clear manuals, lots of pretraining has happened.

Even the fact that RTL is inherently parallel, and GPL sequential and that time and clocks are explicit in RTL and 

implicit in software can be overcome.
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GenAI on Hierarchy Manipulation

➢ Automatic hierarchy manipulation

• Logic teams have freedom to optimize the 
hierarchy for logic entry and verification

• PD can independently update partition 
boundaries, component locations, 
optimize networks, and clone 
components w/o impacting Logic/Verif

Logical Hierarchy Physical Hierarchy

B

C

B

C
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CODE REFACTORING ➔LLM Hierarchy Manipulation
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Generative AI applicability in EDA flows
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Garbage-in -  Poison-out

Messy systems plus agents are a recipe for disaster. “An AI trained on “garbage” data does 
not just produce garbage-out; it produces plausible, confident garbage that can poison 
an entire process.”  [ Marco Agenti, Goldman Sachs CIO]

How to prevent Garbage In:

1. Reliable Data: DD, TV

2. Formalize ways to access it: MCP
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Timing Debug using Bob and MCP

⊙ <thinking>

  The user wants me to:

   1. Find the last 2 ABC nom graphs

   2. For each graph, find the worst 

failing path in a bundle matching the 

regex pattern: XYZ.*ABC(.*)_X.*

   3. Compare these worst failing paths

  Let me break this down:

   1. First, I need to list graphs and 

filter for <design> graphs

   2. Get the last 2 of those graphs

   3. For each graph, I need to find 

endpoints matching the regex pattern

   4. Identify the worst failing path 

(lowest slack)

   5. Compare the two paths

  Let me start by listing graphs to find 

<design> nom graphs.

  </thinking>

  I'll help you compare the worst 

failing paths in the specified bundle 

for the last 2 <design> graphs. Let me 

start by finding those graphs.

Configured MCP servers:

 timing-visualizer - Ready

  Tools:

  - expand_bundle

  - get_endpoint_details

  - get_endpoint_groups

  - get_path_details

  - 

get_path_fan_in_out_with_coordinates

  - get_timing_summary

  - list_graphs

  - visualize_path

For the last 2 <design> 
graphs, please compare the 

worst failing path in the 
following bundle expressed as 

XYZ.*ABC(.*)_X.*

In our old workflow, this would require navigating through numerous 
tabs, applying filters, descending through multiple nested interactive 
windows …and then manually comparing results.. yuck !  
Good thing,  Bob can now help manage this for us 

My Prompt >

Plan
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Our MCP servers then interact with internal EDA database through secure REST APIs – 

Bob decides to start by locating the correct timing runs (graph IDs)

Configured MCP servers:

 timing-visualizer - Ready

  Tools:

  - expand_bundle

  - get_endpoint_details

  - get_endpoint_groups

  - get_path_details

  - 

get_path_fan_in_out_with_coordinates

  - get_timing_summary

  - list_graphs
  - visualize_path

I have the list of graphs. Now I need to 

identify which ones are "nom" (nominal) 

graphs. The two most recent graphs are:

   1. GraphID 174294 (2026-02-

25T12:50:34.000Z)

   2. GraphID 174217 (2026-02-

25T05:08:40.000Z)

  I'll start by getting endpoint details 

for the first graph with the regex filter 

to find paths matching the pattern.

  </thinking>

MCP Server 
Interface

IBM GHE 
Authentication 

Service

REST API in to 
TV Database

HTTPS with IBM Certificate

Verifies User/Role Access to DataGHE Personal Access Token

Plan -> Collect -> Reflect

Leveraging EDA DD and TV servers
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Path compare

│

│ The <removed> ps slack difference between the worst and best paths is caused by:                                                              │

│                                                                                                                            │

│ 1. Physical Distance (Primary Factor)                                                                                           │

│  - Worst path: <removed> µm Manhattan distance                                                                                │

│  - Best path: <removed> µm Manhattan distance                                                                                 │

│  - Impact: ~120 µm longer path for worst endpoint                                                                             │

│                                                                                                                            │

│ 2. Wire Length                                                                                                             │

│  - Worst path <removed> µm total wire                                                                                                                │

│  - Best path: <removed> µm total wire                                                                                         │

│  - Impact: 157 µm additional wire adds RC delay                                                                               │

│                                                                                                                            │

│ 3. Buffer Count                                                                                                            │

│  - Worst path: 17 gates (9 repeaters)                                                                                         │

│  - Best path: 15 gates (7 repeaters)                                                                                          │

│  - Impact: 2 extra buffer stages add propagation delay                                                                        │

│                                                                                                                            │

│ 4. Buffer Sizing                                                                                                           │

│  - Worst path uses weaker buffers (CG_HPINV_X016M_2A200S - 16x drive)                                                         │

│  - Best path uses stronger buffers (CG_HPINV_X025M_2A200S - 25x drive)                                                        │

│  - Impact: Weaker buffers have higher delay driving long wires                                                                │

│                                                                                                                            │

│ 5. Routing Congestion                                                                                                      │

│  - Worst path: Peak density 74.6% (high congestion areas)                                                                     │

│  - Best path: Peak density 69.3% (lower congestion)                                                                           │

│  - Impact: Higher congestion forces longer, more resistive routes                                                             │

│                                                                                                                            ││

│                                                                                                                            │

│ Conclusion                                                                                                                 │

│ The worst path is 34.81 ps slower primarily because it travels ~120 µm farther to  <removed>, requiring 157 µm more wire, 2 additional buffer           │

│ stages, and routing through more congested areas. The best path to  <removed> benefits from shorter distance, fewer buffers , stronger buffer sizing,     │

▪ │ and better routing

Bob has completed the task of gathering timing 

paths we are interested in across multiple runs, 

and now can autonomously reason/reflect/respond 

– what are the most important differences ? 
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Generative AI applicability in EDA flows
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Standard Cell generation by LLM?

1st paper
” It generates a simplified grid-based cell layout, which is given to a separate Perl 
program called Sticks to handle DRC checking and conversion to tapeout quality 
Cadence Virtuoso layout. NVCell produces LVS/DRC clean cells for over 75% of a 
total of over 1000 single-row standard cells on an industrial standard cell library 
(multi-row cells are not currently supported by our Sticks program).”

2nd paper
Even more cells can be successfully generated if we relax the width optimization 
during placement. 22% of these generated cells have shorter width (between 1 to 8 
poly columns) than the same cells in the library, and the rest have the same width.
Although not all the cells in the library are designed to have minimum width, we did 
find meaningful size reduction on some critical arithmetic logic cells and flip-flops
NVcell2: Cells are 98.9% DRC clean??

3rd paper
However, its performance is not scale to hundreds of transistors because the model 
inference needs to be performed for every action in the simulated annealing-based 
placement algorithm [1] and the cell-level metrics (i.e., cell width (CW) and total 
wirelength (TWL)) are compromised for routability.

The proposed novel LLM for standard cell layout design optimization methodology 
achieves up to 19.4% smaller cell area, and generates 23.5% more LVS/DRC clean 
cell layouts than a state-of-the-art baseline on a benchmark of sequential standard 
cells in industrial 2nm technology node.
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Generative Standard Cell Design using SAT and MIP

• key enabler for 2nm technology

• ➔ P&R trailblazing

• explore multiple design options & pick 

most suitable

• was the base for all 2nm Latches & LCBs

• saved months of tedious manual work

Industry leading LLG/BonnCell unique features
• all cells are DRC and LVS clean
• cell size and routing are guaranteed to be optimal (up to latch size)
• fast heuristics for large cells (e.g. LCBs)
• many ways to configure: e.g. M3 restriction, pins, boundary 

conditions, timing criticality.
• easy adaptable DRC rules allow early technology exploration

BonnCell
fast & parallel

manual
slow & sequential

BonnCell
3 hours

14 CPP, 8 M2 

DFFQDICE

manual
1 day

18 CPP, 9 M2 

Quality of Results 

& Productivity
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”Discrete reasoning and some computer science problems 
continue to have exponential complexity. That means that 
a fixed token space, no matter how large it is, cannot solve 
these problems."

AI 2026: The Exciting and Dangerous Road Ahead

CLAUDIONOR COELHO

https://airealizednow.substack.com/p/ai-the-exciting-and-dangerous-road?r=607b1l&utm_campaign=post&utm_medium=web&triedRedirect=true
https://substack.com/@claudionorcoelho1
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Fixed Token Space?

[arXiv:2403.07257v2] The Dawn of AI-Native EDA: Opportunities and Challenges of Large 
Circuit Models
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Physical Design Flows

iPD, Li et al, ASPDAC2024
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iPD, Li et al, ASPDAC2024

Physical Design
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PlacePlace

Coarse Opt

Virtual Opt

Compile RTLCompile RTL

GLSO

Wire Synthesis

Clk Opt

Fine Opt

EM Pad

Route

Post Route Opt

Finish

Physical Design Flow Parameters

A cartoon of a person holding his head

Description automatically generated

Parms

Parameters:

• Technology

• Cell Library characteristics

• IP characteristics

• EDA Tool Features and Flaws

• Design (under Construction) 

characteristics

https://www.gabehoward.com/wp-content/uploads/2017/09/pulling-hair-out-650x400.png
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Prompt Chaining
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Physical Design and Reinforcement Learning

Transition dynamics

𝒑(𝒔𝒕+𝟏|𝒔𝒕, 𝒂𝒕)

Netlist Placement Clock Tree Signal Routing

Placement parameters Clock Tree
Synthesis 
parameters

Routing 
parameters

Policy 

𝝅(𝒂𝒕|𝒔𝒕)

“Breakthrough reinforcement learning engines can explore trillions of design recipes. These models 
continue to train and accelerate convergence throughout the design cycle and bleed over to impact 

efficiency and productivity on iterative designs”. 

Bleed over: the unintentional spread, or influence of something from one area, 
subject, or state into another, often causing it to overlap or affect the second area.

SEC filing?
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Reinforcement Learning

“RL agents tend to overfit to the specific netlist topology seen 
during training. 

They memorize “solutions” rather than learning “placement 
rules,” necessitating expensive re-training (hundreds of GPU-
hours) for every new chip design.”

The Dawn of Agentic EDA: A Survey of Autonomous Digital 

Chip Design" (arXiv:2512.23189).
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iPD, Li et al, ASPDAC2024
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Get the mission:   Get the best PPA

Scan the scene: Context Engineering:  Timing, Area, Power, Congestion analysis.

Think it through:  Drivers (critical, non-critical, congested, un-congested,  highly-switching, DRCs)

Take Action:   Transformations (size up, down, Vt swap, inflate cell footprint, buffer, (re)factor, (re)map, place, route)

Learn and Get better:   ???                                         → Not memorizing solutions, but understanding actions and drivers.

Agentic AI Problem Solving Process
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Refactoring Physical Design

LLM timing calc 12.5seconds

timing calculator 0.125ms

Factor 1.00E-05
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Principles to Refactor Physical Design Flow for the Agentic Era

▪ The Physical Design process needs to be refactored into stages that where each stage follows the 

following principles:

– Small enough to have an agent and a model govern its work.

– Intelligent: Uses specialized models for few-shot action execution.

• E.g the model understands the cause and effect of actions in this stage.

– Reliable: Delivers predictable results through chosen actions.

– Modular: Features a clean state-transfer mechanism for stage sequencing.

• Clean: well-identified, verifiable goals reached; stop propagation of errors.

– Global Persistence Store: Integrated long-term memory for cross-stage context retention.
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Refactored Physical Design Flow

S A

Stage - N

S A

Stage – N-1

S A

Stage – N+1
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Stage Model

𝑄(𝐴)
= 0.2

𝑄(𝐵)
= 0.6

𝑄(𝐶)
= 0.9

parm1 = A

parm1 = B

parm1 = C

M

𝑠0 𝑎0 𝑠1

Placement 
parameters

Netlist
features

Post-place 
features

General design
context

Design-agnostic trajectory features

1. Sample design  𝑝 𝑑 ∼ Nd
𝛼

• 𝛼 = 0: Fully-balanced
• 𝛼 = 0.5: Square-root
• 𝛼 = 1: Count-based

2. Sample trajectory 𝑝 𝑡 𝑑  uniform

𝜶-balanced sampling

FiLM-FPT
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Timing and Power Optimization Stage
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Stage Supervisor: 

- Hands out the resources (time, area, power)

- Assigns what to work on

- Determines if goals of Stage is completed, e.g. a 

clean state is reached

Specialists

- Do the work, execute the actions.

Stage Agent Orchestration
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How do we truly Boost Optimization Capability?

Solvers, Engines, Tools and Flows: The Next Wave for AI/ML in 

Physical Design

QPU
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Quantum-centric supercomputing

https://research.ibm.com/blog/quantum-centric-supercomputing-system-reference-architecture

https://research.ibm.com/blog/quantum-centric-supercomputing-system-reference-architecture
https://research.ibm.com/blog/quantum-centric-supercomputing-system-reference-architecture
https://research.ibm.com/blog/quantum-centric-supercomputing-system-reference-architecture
https://research.ibm.com/blog/quantum-centric-supercomputing-system-reference-architecture
https://research.ibm.com/blog/quantum-centric-supercomputing-system-reference-architecture
https://research.ibm.com/blog/quantum-centric-supercomputing-system-reference-architecture
https://research.ibm.com/blog/quantum-centric-supercomputing-system-reference-architecture
https://research.ibm.com/blog/quantum-centric-supercomputing-system-reference-architecture
https://research.ibm.com/blog/quantum-centric-supercomputing-system-reference-architecture
https://research.ibm.com/blog/quantum-centric-supercomputing-system-reference-architecture
https://research.ibm.com/blog/quantum-centric-supercomputing-system-reference-architecture


IBM has deployed 
75+ systems since 
2016.

Today, we have 13 
utility-scale quantum 
computers (100+ 
qubits) operational in 
Poughkeepsie, NY; 
our European data 
center; and in client 
locations around the 
world.
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Sampling is the most basic operation a quantum computer can do. All 

other quantum applications are ultimately derived from it. This means 
quantum computers are well-suited to tasks that require fast sampling and 

have a tolerance for approximate answers. In multi-objective optimization, 
that is exactly what we want.

MOO can be difficult even if corresponding single-objective problems can be 

solved efficiently, particularly with an increasing number of objective 
functions. In this context, sampling-based approximate quantum optimization 

algorithms can be beneficial as they can quickly produce a large variety of 
good solutions to approximate the Pareto front.

42/156 QUBITS

MaxCut MOO on a quantum system



THANK YOU

leonstok@us.ibm.com
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