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The Era of Large Language Models (LLMs)
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● Generate texts beyond average human 
writing ability

● Generate functional code across languages 
and accelerate software development

● Power user-friendly search

● Assist in scientific discovery

● Reason through complex tasks across 
various technical domains

● “Sparks of AGI”

● AI engineers?
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Outline
● Toward Engineering AGI: EngDesign Benchmarking the engineering design 

capabilities of LLMs

● Past successful story I: LLM agents with test-time scaling for control design

● Past successful story II: Reinforcement learning for finetuning VLM for robotics

● Toward Building LLM-based Analog IC Design Engineers: Where are we right now?

4



• Engineering: Cornerstone of 
Modern Society

• Definition: Application of 
scientific principles to design 
or develop structures, 
machines, or manufacturing 
processes
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LLM Reasoning for Engineering
● LLMs have shown strong promise in reasoning for engineering (or at least matching the 

reasoning patterns for textbook-level questions)

● In 2023, many prompting techniques were developed for improving reasoning. Important 
examples include chain-of-thought (CoT), tree-of-thoughts, and various mechanisms for 
improving self-consistency (e.g., majority vote, self-refinement via confidence score, etc).

● Since OpenAI-o1-preview was released in September 2024, significant progress has been 
made in developing reasoning models which generates long CoTs in a thinking process to 
improve reasoning performances.  

● The key idea for developing reasoning models is test-time scaling: scaling the test (or 
inference)-time compute can be more efficient than scaling the model size for many tasks.

● DeepSeek R1 is the first open-source reasoning model that approaches the SOTA 
performances on reasoning tasks. It was finetuned from DeepSeek V3 using reinforcement 
learning techniques.
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LLMs are far from the level of practicing engineers!
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Existing LLMs (or agents) cannot solve any 
of such design tasks.



From Textbook to Practical Design Problems 

• Practical engineering design problems are diverse and 
challenging!

• Human practicing engineers rely on experiences which go beyond 
textbooks

• Many problems require domain specific engineering tools (e.g., 
SPICE, Simulink, Ansys, COMSOL, Matlab toolboxes, etc) and 
involve real physical data

• How far away are LLMs from practicing engineers?
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To Appear in NeurIPS 2025
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https://agi4engineering.github.io/Eng-Design/

https://agi4engineering.github.io/Eng-Design/
https://agi4engineering.github.io/Eng-Design/
https://agi4engineering.github.io/Eng-Design/


EngDesign
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EngDesign
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EngDesign: Benchmark Construction 
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EngDesign: Results 
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EngDesign: More Results 
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EngDesign: Key Take-aways
● Currently, it is difficult to develop a unified engineering AGI system.

● End-to-end analog IC design (topology selection and sizing) is very difficult for 
SOTA LLMs. 

● Question 1: Instead of engineering AGI, can we do better for one area via 
developing specialized LLM agents? 

● Question 2: Can we develop much smaller LLMs (<10B) with special engineering 
expertise?
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Outline
● Toward Engineering AGI: EngDesign Benchmarking the engineering design 

capabilities of LLMs

● Past successful story I: LLM agents with test-time scaling for control design

● Past successful story II: Reinforcement learning for finetuning VLM for robotics

● Toward Building LLM-based Analog IC Design Engineers: Where are we right now?
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ControlAgent 
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ControlAgent

● Multi-loop design process

● Starting design with simplified linear model

● Simulation in Loop (SIL) is the next level

● Hardware in Loop (HIL) is the outer loop

● Any failure leads to re-design again from inner loop

● Test-time scaling with multiple reasoning paths

● The above process mimics the human design process 19



ControlAgent 
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Demo: LLM-based Design for Inverted Pendulum
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ControlAgent: Key Take-aways
● For control engineering, integrating LLMs with analysis/design tools used by 

practicing engineers can lead to some initial preliminary successes.

● It is important to select the right space for the LLMs to reason over and scale up 
multiple inner/outer-loop reasoning paths with different tools.

● Analog IC design is the most difficult area for LLMs that we have tested so far. What 
to do?

22



Outline
● Toward Engineering AGI: EngDesign Benchmarking the engineering design 

capabilities of LLMs

● Past successful story I: LLM agents with test-time scaling for control design
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Recent trend in RL-finetuning for LLMs/VLMs
● RL paradigm popularized by DeepSeek-R1 (the GRPO algorithm)
● RL encourages reasoning and thinking in LLMs/VLMs
● Impressive performance improvements on various domains

Embodied AI agentsWeb agents/
GUI agents

Coding LLMs



Typical RL fine-tuning pipeline

Image credit: ReFT



Embodied Reasoning Agent (ERA) 
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Embodied Reasoning Agent (ERA) 
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Finetuned 3B models can outperform GPT-4o!



Reinforcement Learning: Key Take-aways
● Grounding (prior learning) should be combined with reinforcement learning for 

making small LLMs work in engineering domains. 

● How to perform such a pipeline for analog IC design?

● For engineering design, the reward function can be set up using the domain-
specific evaluation tools (similar to EngDesign).
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Existing Agents for Analog IC Design
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• Test-time scaling: 

Generating multiple 

reasoning paths and 

leveraging diverse 

sizing/evaluation tools 

• Integrate LLMs with SHAP-

based EDA tools to provide 

explainable design

• Feedback agentic 

workflow for automated 

design

Our On-going Work: Test-Time Scaling



• Developing lightweight LLMs (3B~10B) that can be combined with circuit 

component databases to generate topology

• Grounding (prior learning) from new papers and SOTA reasoning models  

as well as existing datasets such as Masala-CHAI and AMSnet

• Train lightweight LLMs via reinforcement learning and EDA-based reward 

modeling

On-going Work: Reinforcement Finetuning



• A feedback agentic loop with LLM-based topology generation and tool-

based sizing/evaluations

• Diverse tools are integrated for test-time scaling

• Grounding (prior learning) + reinforcement finetuning for training 

lightweight LLMs specialized for topology generation

• Grounding requires collecting data from multiple sources, and is the most 

time-consuming step so far

Toward Building LLM-Based Analog IC 
Design Engineers 



Summary
● Our EngDesign Benchmark shows that currently there is no single LLM that 

achieves engineering AGI.

● Our past study on ControlAgent shows test-time scaling with diverse tools can 
achieve automated LLM-based control design on real hardware systems.

● Prior learning+RL has shown promise as a general development pipeline.

● We believe that one plausible way to build LLM-based analog IC design engineers 
is to combine test-time scaling, various domain-specific tools (sizing, evaluations, 
etc), prior learning, and reinforcement learning. 34
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