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● Can LLMs be useful for SI/PI and system design? 

o There has been integration of LLM flows for IC design [1-3] but there has been limited 

use cases for SI/PI and system design

● Can LLMs work with strict data restrictions?

o Data controls prevent sharing and/or releasing any documentation such as platform 

design guides (PDGs) externally

● Can LLMs address productivity bottlenecks?

o Internal studies at Nvidia, indicate that LLM-based engineering assistants could 

alleviate productivity bottlenecks by handling routine tasks that consume substantial 

engineering time

o Open source LLMs do not support engineering optimization algos yet

MOTIVATION
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OUR APPROACH - RETRIEVAL AUGMENTED GENERATION
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● As the name suggest, RAG enables the LLM to augment its text based on retrieved text

● RAG is low-compute, offline and on-prem solution to provide LLMs with domain specific knowledge [1]

● Can be used to adapt to whatever is present in the database without any additional fine-tuning

o Code generation

o Document QA

Fig. Naïve RAG pipeline with dedicated flows for document processing and handling user queries

[1] Y. Gao, Y. Xiong, X. Gao, et al., “Retrieval-augmented generation for large language models: A survey,” arXiv preprint arXiv:2312.10997, 2023.
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GUARDRAILS: LLM-AS-A-JUDGE
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● LLM-as-a-judge: Use a secondary LLM to evaluate answer and 
retrieval quality

o Context relevance: Whether the retrieved documents are relevant to the user 
query [1]

o Answer relevance: Whether the answer is relevant to the user’s query [1]

● In our work the following is the threshold after experimentation:

o 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 0.25 × 𝑣𝑎𝑙𝑎𝑛𝑠𝑤𝑒𝑟_𝑟𝑒𝑙  + 0.75 × 𝑣𝑎𝑙𝑐𝑜𝑛𝑡𝑒𝑥𝑡_𝑟𝑒𝑙

● If the combination of the two is below 0.6, response defaults to 

o Sorry, there was an error in my response



DOCUMENT QA
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Fig. Comparison of the base model performance versus one that has relevant documents provided via RAG. The RAG flow (b) produces succinct response about the via 

parameters, whereas the no context approach (a) does not provide any specific information about. 

(a) No-RAG (b) RAG (c) Source Document



STRUCTURE GENERATION
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Fig. Different structures created using code from the LLM using different prompts. The structures from the generated code show the ability for the LLM to perform various tasks

(a) Differential Microstrip                                         (b) Differential Stripline                                                            (c) Differential Via



OPTIMIZATION VIA LLM

• We approached this problem in 2 different ways

– Optimization by prompting

– Tool based optimization

• We used Llama-3.1-8B and Llama-3.2-3B for these experiments



OPTIMIZATION BY PROMPTING

• The LLM exploited the known 
results rather than exploring the 
design space 

• LLMs are not good at optimizing 

for large problems
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USING AI AGENT TO GENERATE ROUTING CONSTRAINTS



PUTTING THEM TOGETHER 
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RAG – DOCUMENT FLOW
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● Load the documents using local libraries to pre-process the 
documents 

o Neural Optical Understanding for Academic Documents (Nougat) 
[1]

o Converts text and tables into markdown format for later use

o Needed to integrate PDGs

● Split the documents into smaller chunks 
o Chunk size is a hyper-parameter
▪ For PDGs we limit to a single page

▪ For non-PDGs we chunk based on title

● Embed the chunks using an embedding model 
o all-MiniLM-L6-v2 [2]

● Store the embeddings in a FAISS vector database [3]
o Built in a similarity search to find relevant documents

Fig. Document processing flow for RAG database

[1 ] L. Blecher, G. Cucurull, T. Scialom, and R. Stojnic, Nougat: Neural optical understanding for academic documents, 2023. arXiv: 2308.13418 [cs.LG].

[2] Available: https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2.

[3] J. Johnson, M. Douze, and H. J´egou, “Billion-scale similarity search with GPUs,” IEEE Transactions on Big Data, vol. 7, no. 3, pp. 535–547, 2019.



RAG – USER FLOW
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● User query goes through the same embedding as the documents 

● Using FAISS DB perform a similarity search in the database and return top-n document 

chunks

● Add the retrieved chunks to the query to enable the LLM to have domain knowledge

● The additional context does not make the hallucination problem go away

Fig. User query pipeline through a database and LLM for QA and code generation
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