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Customized Retrieval Augmented Generation and
Benchmarking for EDA Tool Documentation QA

Yuan Pu“', Zhuolun He
Cheng Zhuo

Abstract—Retrieval augmented generation (RAG) improves
the accuracy and dependability of generative AI models by
integrating factual information from external databases. This
technique is widely used in tasks involving document-grounded
question answering (QA). While these RAG systems are exten-
sively pretrained on general-purpose documents, they face
considerable limitations when applied to specialized, knowledge-
intensive fields such as electronic design automation (EDA).
This article addresses such issue by proposing a customized
RAG framework along with three domain-specific techniques for
EDA tool documentation QA, including a contrastive learning
scheme for text embedding model fine-tuning, a reranker distilled
from proprietary large language model (LLM), and a generative
LLM fine-tuned with high-quality domain corpus. To further
unleash the extraordinary language capacity of LLMs in the
domain of EDA-tool documentation QA, we propose to train
LLMs as the reranker model with our customized two-stage
traning scheme, which consists of the point-wise instruction
tuning stage and the pair-wise learn-to-rank (LTR) stage. Finally,
we have developed and released a documentation QA evaluation
benchmark, ORD-QA, for OpenROAD, an advanced RTL-to-
GDSII design platform. Experimental results demonstrate that
our proposed RAG flow and techniques have achieved superior
performance on ORD-QA as well as on a commercial tool,
compared with state-of-the-arts. Furthermore, compared with
the SOTA reranker models, our LLM reranker prominently
improves the document retrieval accuracy and thus leads to
better QA quality. The ORD-QA benchmark and the train-
ing dataset for our customized RAG flow are open-source at
https://github.com/lesliepy99/RAG-EDA.

Index Terms—Design automation, information retrieval, large
language models, retrieval augmented generation.

I. INTRODUCTION

LECTRONIC design automation (EDA) encompasses a
suite of software tools specifically aimed at designing,
analyzing, and verifying electronic systems. These tools are
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essential to address the growing demands of semiconductor
manufacturing and to support emerging technology nodes.
They facilitate a complex design process by offering a myriad
of functionalities at various stages. Open-source EDA tools,
such as OpenROAD [1] and iEDA [2], deliver a compre-
hensive RTL-to-GDSII flow, enabling robust environment for
circuit design. Meanwhile, commercial software incorporates
a broader spectrum of advanced functionalities, meticulously
tailored for industrial applications. EDA tools are supposed to
be equipped with well-organized and detailed documentations,
yet referring documentation often remains a pain for end users
due to the huge amount of functionalities provided and the
intertanglement among them. To enhance the user experience
and development efficiency for tool users, vendors employ
and train application engineers to offer on-site customer
support. However, the substantial costs associated with training
and manpower have led to considerations of implementing
automated, no-human-in-the-loop systems.

The remarkable performance and rapid advancement of
large language models (LLMs) have demonstrated that
retrieval augmented generation (RAG) is a potent method for
document-grounded question answering (QA). As is shown in
Fig. 1, to prepare for RAG, the entire document is segmented
into reasonably sized chunks, each of which is then embedded
into a high-dimensional space by a text embedding model and
stored in a vector database. When a user poses a question, the
text embedding model encodes the question into an embedding
in the same space. Through similarity matching, document
chunks that most closely match the semantics of the question
are retrieved as potential reference candidates. Then, a reranker
model conducts fine filtering and removes irrelevant document
chunks from the candidates. Finally, the relevant document

user question

Generator
(LLM)

Ebr-
=

Data resources

Vector database

Fig. 1. Tllustration of the RAG flow.
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chunks along with the user query are fed to the generator
(usually an LLM) for answer generation.

The RAG process effectively utilizes the reasoning and
inference capabilities of LLMs while retrieving relevant
information to reduce hallucinations and improve the reli-
ability of generated outputs. However, applying existing
RAG flows to EDA tool documentation QA faces sig-
nificant challenges due to the complex structure of EDA
documentation, the intricate nature of EDA flows, and the
rigorous logical reasoning required for EDA-related queries.
The primary challenge stems from a lack of expert EDA
knowledge in current RAG components, resulting in subopti-
mal performance in EDA-specific contexts: First, current text
embedding models used in the retriever component exhibit
inadequate semantic understanding of EDA terminologies and
concepts, often leading to the retrieval of irrelevant documents.
Second, existing reranker models fail to accurately differen-
tiate between relevant and weakly related documents under
EDA-tool-specific scenarios. Lastly, the generators, typically
chat LLMs, lack domain-specific knowledge in EDA and
show limited logical inference abilities when tackling EDA-
related questions, resulting in ineffective answer generation.
With the rapid development of LLM, many previous research
work have customized LLMs for several EDA tasks, includ-
ing script generation [3], [4], HDL generation [5], [6], [7],
[81, [9], [10], [11], [12], [13], [14], code verification and
analysis [15], [16], [17], [18], [19], [20], [21], and EDA
tool documentation QA [22], [23], [24]. Among these, while
OpenROAD-Assistant [23] and ORAssistant [24] employ the
RAG framework, they rely on general-purpose retriever or
reranker models rather than fine-tuning domain-specific mod-
els. This approach results in lower document retrieval accuracy
when addressing complex user queries related to EDA tools.

To address the aforementioned challenges, we introduce
RAG-EDA, a tailored RAG flow specifically designed for EDA
tool documentation QA. This approach includes three key
enhancements.

1) For retriever, we begin by developing a corpus that

integrates EDA domain knowledge and terminologies.
This corpus is utilized to finetune a text embedding
model through contrastive learning, thereby enriching it
with EDA-specific knowledge and enhancing its retrieval
accuracy.

2) For reranker, we distill the fine filtering capabilities
of the proprietary LLM into our reranker model by
contrastive learning, greatly improving its performance
in weakly related documents removal.

3) For generator, we pretrain a chat LLM using the EDA
domain corpus and subsequently finetune it using a
dataset of EDA-tool-related QA pairs through instruction
tuning, enhancing its capability to generate accurate and
contextually relevant answers.

Furthermore, existing reranker models, either lacking EDA
domain knowledge or relying on small language models,
struggle to capture the deep logical relationships between
queries and documents, leading to poor performance in fil-
tering out weakly related documents. To address this, we
leverage the advanced language capabilities of LLMs as
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the reranker model and introduce a customized two-stage
training scheme: 1) pointwise instruction tuning in the first
stage and 2) pairwise learn-to-rank (LTR) in the second
stage.

Finally, to assess the efficacy of our RAG flow and facilitate
future research in EDA tool documentation QA, we have
developed and made public a QA evaluation dataset, ORD-
QA, based on the OpenROAD documentation. This dataset
comprises 90 high-quality question-document-answer triplets
that span a variety of query types, including VLSI flow
inquiries, command/option usage, installation guides, and GUI
usage. To further assess the robustness, universality, and
transferability of our proposed RAG-EDA flow, we have
developed an internal QA evaluation dataset based on the
documentation of a commercial EDA tool.

Our major contributions are summarized as follows.

1) We carefully analyze the limitations of applying off-the-

shelf RAG to EDA tool documentation QA, and propose
a customized RAG flow to address them accordingly.
Our solution outperforms for both academic and com-
mercial EDA tools.

2) We conduct contrastive learning and incorporate EDA
expertise to finetune the text embedding model and the
reranker model, achieving superior retrieval performance
than SOTA retrievers.

3) For generator training, we propose a two-stage training
scheme, consisting of the domain-knowledge pretrain
and task-specific instruction tuning.

4) We propose to train a LLM as the reranker model, and
customize a two-stage training scheme, including the
pointwise instruction tuning stage and the pairwise learn
to rank stage.

5) We release a QA benchmark with 90 high-quality QA
pairs concerning OpenROAD, to evaluate our RAG
flow and facilitate the future research on EDA tool
documentation QA.

II. PRELIMINARIES
A. Information Retrieval

Given the user query, information retrieval (IR) is the pro-
cess of obtaining information from a collection of documents
or data sources that are relevant to the query. In the RAG,
IR usually consists of two stages: 1) retrieval (coarse-grained)
and 2) reranking (fine-grained).

Retrieval (Coarse-Grained IR): Retrieval methods can be
categorized into two types: 1) lexical (sparse) retrieval and
2) semantic (dense) retrieval. In lexical retrieval, the query is
tokenized into keywords, and techniques like TF-IDF or BM25
are used to rank document chunks based on keyword rele-
vance. The top-k chunks with the highest scores are selected
as relevant documents. Semantic retrieval uses a pretrained
text embedding model to map the query and document chunks
into a shared semantic embedding space. The top-k chunks
closest to the query in this vector space, representing the most
semantically similar content, are selected [25].

While semantic retrieval generally outperforms lexical
methods by capturing semantic meanings, it independently
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Reranking (Fine-Grained IR): At the fine-grained rerank-
ing stage, reranker models typically use the cross-encoder
architecture [27]. During inference, the model processes the
concatenated query-document pair as input and outputs a
scalar relevance score. By encoding the pair in a single
pass, the model captures deep interactions and mutual logical
relationships, leading to improved IR accuracy.

B. Performance Measurement

To assess a retriever/reranker’s effectiveness in retrieving
relevant documents and filtering out irrelevant ones, recall is
used as the metric. Recall@k is mathematically defined as the
proportion of relevant documents retrieved among the top k
results. Let R represent the set of all relevant documents in
the corpus, and Ry denote the relevant documents within the
top k results. Then, recall@k is formulated as

recall@k = @
IR

To evaluate the performance of a generator in answering
EDA-tool-related questions, we use three widely recog-
nized metrics: 1) BLEU [28]; 2) ROUGE-L [29]; and
3) UniEval [30]. BLEU, originally designed for machine
translation, is now widely applied in text generation eval-
uation. ROUGE-L measures the similarity between the
LLM-generated answer and the reference answer by identi-
fying the longest common subsequence (LCS). UniEval is a
comprehensive LLM-based evaluation framework that assesses
generated text across dimensions, such as factual consistency,
relevance, and coherence. For EDA tool QA, we specifically
use UniEval’s factual consistency score, which ranges from 0
to 1, with higher scores indicating better accuracy.

(D

ITII. RAG-EDA

Fig. 2 presents the overall process of RAG-EDA, our
customized retrieval-augmented generation (RAG) approach
for EDA tool documentation QA. In the preparation phase,
the EDA documentation is divided into manageable chunks

Fig. 3. Fail case of general text embedding model in EDA-specific IR (about
PI).

and encoded into vectors using a customized text embed-
ding model (Section III-A) to build a vector database.
The first stage, preprocessing, tokenizes the user query and
encodes it into an embedding. The second stage, retrieval
(Section III-B), combines lexical retrieval (e.g., TF-IDF or
BM25) with semantic retrieval from the vector database to
generate document candidates. Next, the finetuned reranker
model (Section III-C) filters the candidates, removing weakly
related documents. Finally, the refined document chunks,
along with the query, are passed to the generator model
(Section III-D) to produce the answer. The following sec-
tions detail the customization and techniques used at each
stage.

A. Domain-Customized Text Embedding

In semantic retrieval, the text embedding model plays a crit-
ical role by converting user queries and document chunks into
numerical vectors that capture their semantic meaning. The
quality of these embeddings directly impacts retrieval effec-
tiveness. While many proprietary and open-source embedding
models [27], [31] perform well in general tasks, they often
lack sufficient understanding of EDA-specific terminology and
concepts. As shown in Fig. 3, even state-of-the-art models
struggle to distinguish between basic EDA terms like Primary
Input (PI) and Primary Output (PO). This leads to inaccuracies
in the semantic vector space, causing the selection of less
relevant documents. For example, Doc2 might be chosen over
the more relevant Docl due to incorrect semantic proximity,
reducing the QA flow’s overall effectiveness.

To resolve the identified issue and boost the retriever’s
performance, we implement supervised contrastive learning to
refine the model’s accurate recognition of EDA terminologies
and concepts. The fundamental principle of our contrastive
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Fig. 4. Contrastive data sample used for text embedding model finetuning.

learning approach is as follows: If two sentences involve the
same EDA terminology, they should be positioned closely in
the embedded vector space, despite differences in sentence
structures. Conversely, if two sentences have similar structures
but pertain to different EDA terminologies or concepts, they
should be distanced apart in the embedding space. Specifically,
for one EDA-domain user query x;, we denote its positive
and hard negative samples by x?L and x; , respectively. The
positive sample x;L involves the same EDA term with the
query x;, meanwhile the negative sample x; has a similar
sentence structure with the query, but pertains to different EDA
terminology/concept. Fig. 4 shows one example of the triplet
{xi, xl-+, x; }: the query x; and the positive sample x;L are user
questions about “clock period,” while the hard negative sample
x; share the same sentence structure with x; but contains a
different EDA terminology (clock skew). We construct a triplet
dataset {xi,x;",xi_}ﬁy: , of size N. Then, we apply mini-batch
gradient descent and supervised contrastive learning [32], [33]
to finetune the embedding model. Assume the mini-batch size
is M, and for each query x; in the mini-batch, we apply in-
batch sampling. The contrastive loss of s; can be written as

esim(xi,x?')/r

M sim(x,-,x-Jr)/r sim(x;,x; )/t
D=1 (e 7T e ! )

— log (2)

where sim stands for the cosine similarity function, 7 is the
temperature hyperparameter.

B. Hybrid Information Retrieval

In EDA tool documentation QA, user queries span cate-
gories, such as VLSI flow inquiries, command/option usage,
installation guidelines, GUI usage, and test unit, each with
distinct syntactic and structural features. Lexical retrieval
methods like TF-IDF or BM25 perform well when queries
include specific keywords or phrases directly matching the
documentation. In contrast, semantic retrieval is more effective
for queries lacking explicit keywords, such as those related
to VLSI flow. Building on the insights gained from the
analysis above, our approach diverges from the traditional
method of exclusively using semantic search for IR [34]. In
our proposed framework, we adopt a hybrid search strategy
that combines both semantic and lexical search techniques to
retrieve documents. The document chunks retrieved through
this hybrid approach are then merged and deduplicated to
create a pool of relevant document candidates. Subsequently,
candidate documents that are weakly related to the query will
be further differentiated and excluded at the reranking stage,
as detailed in Section III-C.
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Fig. 5. Weakly related documents do harm to answer generation quality for
EDA-tool questions.

C. Reranker Finetuning

Document chunks retrieved by the hybrid retriever either
share semantic similarities with the query or contain match-
ing keywords/phrases. These chunks are classified into two
categories.

1) Relevant documents that directly address the query, and

2) Weakly related documents that share similar EDA termi-

nology or concepts but cannot provide a direct answer.
Research [35] shows that weakly related documents can
lead augmented LLMs to generate inaccurate responses. As
illustrated in Fig. 5, a query about the command to place
a specific pin retrieves the relevant document for place_pin,
resulting in a correct answer. However, referencing a weakly
related document about placing all pins leads to an incorrect
response.

Reranking is a widely adopted technique for filtering
out weakly related or irrelevant documents. State-of-the-art
rerankers in RAG typically employ a cross-encoder archi-
tecture, which jointly encodes the query and each candidate
document using cross-attention to compute relevance scores.
The top-k documents with the highest scores are then selected
as the most relevant. While cross-encoder models like bge-
reranker perform well on general IR tasks, they are less
effective at distinguishing between relevant and weakly related
documents in the context of EDA tool documentation QA. In
contrast, we observe that proprietary LLMs, such as GPT-4,
when guided by carefully designed prompts, can effectively
filter out weakly related documents in EDA-related QA.
However, their autoregressive nature leads to slower inference,
and the high deployment cost remains a limiting factor.

To bridge the gap between existing cross-encoder reranker
models and proprietary LLMs in the context of EDA tool
QA documents filtering, we initiate our approach by collect-
ing a set of EDA-tool-related questions, denoted as Q =
{91, 92, ...,qn}. For each gq; € Q, we apply the hybrid
retriever described in Section III-B to retrieve k candidate
documents C;. We then employ GPT-4 with task-specific
prompt to differentiate relevant documents (Cf) and weakly
related documents (C; ), ensuring |C,.+| + |C; | = k. Next,
to improve the reranker model’s capability to differentiate
between relevant documents and weakly related ones, even
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Fig. 6. Fail case of existing open-source chat LLMs for answering the EDA-
tool questions.

when they share similar semantics or identical keywords with
the query, we implement a contrastive learning scheme. This
scheme fine-tunes the reranker model using documents that
have been prefiltered by GPT-4. Specifically, for a question
qi € Q, we sample one positive document sj' from Cl.+ and m
negative documents {sl.fl, SiTz’ ..., 8; ) from C; (m < k), the
contrastive loss for ¢g; can be then written as

st
H/x + Z ( )/T

where 7 denotes the temperature, f(g, s) denotes the scalar
score of the query-document pair (g, s) outputted by the
reranker model, and the negative sample size m is set to 3.

— log 3

gf qi,S;

D. Domain-Specific LLM Generator

In the final stage of the RAG flow, the generator, typically
a LLM, processes the user query and the filtered relevant
document(s) to produce an answer. Our observations indicate
that directly employing open-source chat LLMs as generators
for EDA tool documentation QA results in a lower quality
of answers. Fig. 6 shows one typical example: The user
inquires for the instruction to push macros to the corner
during macro placement, the ground-truth answer to this
question is to enable the corner_max_wl style of the com-
mand macro_placement, which is depicted in the relevant
document. When using an open-source chat LLM, namely,
Qwen-14B-chat, the generated answer is erroneous. Although
some proprietary LLMs, such as GPT-4 [36] demonstrate
extraordinary capability in problem solving, due to the privacy
of the end user information, a locally deployed LLM is
preferred out of the consideration of security. Therefore, it is
necessary to finetune and deploy a local LLM as the generator
in the EDA tool QA system.

By analysis, we get the conclusion that there are mainly two
limitations of existing chat LLMs for EDA tool documenta-
tion QA.

1) Both Open-source and proprietary LLMs lack special-
ized knowledge in EDA. Questions concerning EDA tool
usage are often complex, and while the provided relevant
documents are useful, additional domain-specific knowl-
edge can be crucial for answering queries effectively.
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For example, besides the description of the com-
mand macro_placement, the domain knowledge of VLSI
macro placement is also helpful to answer the question
in Fig. 6.

2) General chat LLMs are ineffective in handling the
questions involved with EDA tools. Answering such
questions requires intricate and domain-specific analysis
between the question and provided documents, and
step-by-step inference, which are not well mastered by
existing chat LLMs.

While many prior studies have explored enhancing LLMs
with domain knowledge, such as self-correction [37], [38]
and reinforcement learning (RL) techniques [39], [40], [41],
these methods fail to address both limitations in our scenario
simultaneously. On the one hand, these techniques mainly
focus on improving the domain-specific inference capability of
the models, and are not applicable for incorporating domain-
related background knowledge. On the other hand, for both the
self-correct methods and the RL techniques, it is very difficult
to customize an accurate value function/reward function under
the scenario of EDA tool documentation QA, due to the
sophisticated nature of the EDA-tool-related questions and
the nonuniqueness of the corresponding answers. Recently,
there are several research works on EDA-specific LLM cus-
tomization [5], [13], which splits the training process into
the pretraining and fine-tuning stages to overcome the two
limitations mentioned above. However, either their training
corpus is not open-source or their domain customization is
about RTL generation. To train a domain-customized LLM
generator for EDA tool QA, we collect and open-source our
customized training corpus, and propose a two-stage training
scheme. The first stage is domain knowledge pretrain: To
enhance the domain-specific knowledge of the chat LLM,
we utilize two authoritative textbooks in EDA, specifically
EDA for IC Implementation, Circuit Design, and Process
Technology [42] and Handbook of Algorithms for Physical
Automation [43], as the pretraining corpus. We segment these
textbooks into paragraph-sized chunks to construct a dataset.
Subsequently, we pretrain the chat LLM on this dataset
using an autoregressive approach. The second stage is task-
specific instruction tuning: To begin with, we leverage GPT4
to generate a set of triplets {q, r, a} of high quality. For each
triplet, g is one question related to the usage of the EDA tool,
r is/are the document(s) used to answer the question, and a is
the ground-truth answer. Then, we integrate a well-designed
system prompt to each triplet to form a QA dataset. Finally, we
finetune the pretrained chat LLM in stage 1 on the collected
QA dataset.

It is important to recognize that LLMs operate in an
autoregressive manner, where the prediction of each token is
sequentially determined and depends on the tokens that have
been previously generated. Given an LLM with parameter 6
and a token sequence x = {xi,x2,...,X,}, the next-token
prediction objective of training is to minimize the negative
log-likelihood loss formulated in

=— ) log P(x/lx~;; 6). )

t=1
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The two stages, namely, domain-knowledge pretrain and task-
specific instruction tuning, are trained using the loss function
defined in (4), on their respective corpus dataset.

IV. LLM RERANKER

In this section, we first introduce the model architecture
adopted by the LLM reranker. Then, the customized two-stage
training scheme is introduced: At the first pointwise instruction
tuning stage, the LLM reranker model is trained to analyze
the relevance logical relationship between one query and one
document, following which the second pairwise LTR stage
trains the model to distinguish the relevance degrees among a
set of documents given one query.

A. Architecture of LLM Reranker

We adopts the model architecture of the BGE reranker [27]
for our propsoed LLM reranker, which conducts the cross
encoder mechanism and consists of two modules: 1) the
decoder-only LLM and 2) the multilayer perceptron (MLP)
layer. Fig. 7 visualizes the model architecture of the LLM
reranker. The decoder-only LLM adopts the casual attention
mask, taking the concatenation of the user query, the document
chunk and the tailored reranking prompt as input. The last
hidden embedding of the last token, which captures the
semantic and logical relavance relationship between the query
and the document, is then fed to the MLP layer to predict the
logits of the token vocabulary. The logits value of the “Yes”
token is finally adopted as the relevance score, reflecting the
relevance degree between the user query and the document.

B. Pointwise Instruction Tuning Stage

By observation, directly applying previous methodologies
of reranking on EDA tool documentation QA faces one
major challenge: existing reranker models or approaches lack
domain knowledge in EDA, and therefore demonstrate poor
performance in evaluating the relevance relationship between
user queries and tool documents in EDA domain. Taking
one typical example of the query “How to place one pin on
layer M5?” in OpenROAD, the query requires to place one
specific pin on the designated metal layer, and its relevant
and weakly related documents are the “place_pin” command
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(c In OpenROAD, how to place the pin "A1" on the metal layer M5? )

doc : Place all Pins

The “place_pins' command places all pins together. Use the following command
to perform pin placement:

place_pins -hor_layers h_layers -ver_layers v_layers [-random_seed] seed

analysis : The doc is about the
command to place all pins, while the query asks to place only one pin.
Therefore, the query and doc is irrelevant.

reranking prompt : Given a query and a doc, determine whether the doc
contains an answer to the query by providing a prediction of either 'Yes' or 'No'.

relevance answer : No.
. J

Fig. 8. Prompt template used for both the pointwise instruction tuning and
the pairwise learn-to-rank training stages.

and the “place_pins” command, respectively. However, lacking
the domain knowledge about the pin placement flow in the
physical design flow, existing reranker models will literally
analyze the query and documents, and assign similarly high
scores to these two documents, worsening the ultimate answer
generation quality.

To equip the LLM reranker model with EDA domain
knowledge and augment the model’s capacity of analyzing
the relevance relationship between EDA-related questions
and documents, we propose the pointwise instruction tuning
technique, as our first training stage. Fig. 8 instantiates the
prompt template used for the pointwise instruction tuning
stage: Following the user query and the document, the
“analysis” part includes the logical inference process for the
relevance relationship between the query and the document.
Then, the “reranking prompt” guides the model to predict
whether the query and the document is relevant or not. Finally,
the “relevance answer” outputs “Yes” or “No” for the final
relevance determination. The term ‘“pointwise” emphasizes
that during instruction tuning, the logical analysis process
between the user query and exactly one document is used
as the training corpus. By providing the pointwise “analysis”
part in the training corpus, the capacity of the LLM model in
analyzing the logical relevance relationship between the EDA-
domain query and document is well trained and improved.
The fine-tuning adopts the autoregressive loss function defined
in (4).

C. Pairwise Learn-to-Rank Training Stage

After the pointwise instruction tuning stage, the LLM
reranker gains the ability to analyze the relevance relationship
between a query-document pair. However, it still needs training
to rank the relevance levels of multiple documents for a
single query. Traditional rerankers are typically trained using
a contrastive learning strategy with cross-entropy loss (3),
where relevant documents are treated as positive samples
and weakly related/irrelevant ones as negative samples. In
EDA tool documentation QA, the relevance among a query’s
relevant documents can vary—some documents are more
relevant and should be ranked higher. Contrastive learning,
however, treats all relevant/weakly related documents equally
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as positive/negative samples, ignoring these relevance differ-
ences. This limitation results in poor reranking accuracy for
complex queries and documents.

To account for differences in document relevance during
training, we adopt the pairwise Learning-to-Rank (LTR) tech-
nique [44]. This method compares the relevance of each
adjacent pair of documents in a list ranked by descending
relevance for loss calculation. The pairwise LTR formulation is
derived as follows: For a query ¢ and two candidate documents
x; and x;, let IT,/ represent the ground-truth relevance ranking:
Pjj = 1 if x; is more relevant than x;, P; = 0 if x; is more
relevant, and P_U = 0.5 if both have equal relevance. Denote
the predicted relevance score for ¢ and x; by s;, the predicted
probability that x; is more relevant to g than x; can be written
as

e(si=s)
- 1+ e(sl-—s]')'
By (5), the value difference of relevance scores of x; and x; is
mapped to the value range between O and 1. The closer Pj; is
to 1, the more relevant x; is to the query g compared with x;.
Finally, the objective of pairwise LTR is to minimize the cross

entropy between the ground truth and predicted probability, as
is defined in

L=—> PjlogP;+ (1—Py)log(l - Py). (6)
@)

Given one query and a list of documents ranking in
the descending order of relevance degrees, pairwise LTR
compares the relevance degrees between each adjacent pair
of documents utilizing (5), and uses (6) for loss function
calculation. However, directly applying the adjacency pair
sampling strategy in the traditional pairwise LTR technique to
EDA tool document reranking faces one major challenge: The
traditional pairwise LTR technique emphasizes on optimizing
the ranking result of the whole document list, meanwhile
for our scenario, we only care about the proportion of
relevant documents among the top k results returned by the
reranker model. Directly applying the adjacency pair sampling
strategy wastes training resources and performance in ranking
documents outside the top k reranking window (the weakly
related and irrelevant documents), harming the performance of
relevant document retrieval.

To overcome the above issue and emphasize the training
process on relevant document retrieval, we propose two
customized pair sampling strategies, namely, high-relevance
adjacency pairing and one-to-all pairing. Before delving into
the details of these two pair sampling strategies, the structure
of the training data will first be introduced. Each item of
the training data contains a given user query ¢ and its
corresponding candidate document lists D,, each document
d; € D, is assigned with a relevance score which ranges from 0
to 100 and the higher the relevance score is, the more relevance
d; is to g. We first sort D, in the descending order of relevance
scores to obtain the sorted document list D;. We name the first
half of D; as the high-relevance document list, as documents
in the first-half of D; are more relevant to g compared with
the second half.

(&)

P

(CS: to fix setup violations, use the command repair_design with ...[ 0

\
i[ How to repair antenna violations? ) }

|
i (C1: to fix antenna violations, use the repair_design command ... 100 i
} (CZ: remove fillers before fixing antenna violations to ensure ... 80 J }
} (CS: ... to report the antenna violations, use the command ... ( }
i (04: ... To visualize antenna violations, you need to enable gui ... i
! I
! I
! |
|

document chunks relevance scores

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

{ } one-to-all pairing

high-relevance adjacency pairing

Fig. 9. Illustration of the pair sampling strategies. The list of document
chunks is sorted in the descending order of relevance scores.

For high-relevance adjacency pairing strategy, the adjacent
document pairs in the high-relevance document list are sam-
pled for pairwise LTR, shifting the focus of the training
process on high-relevance document retrieval. For the one-to-
all pairing strategy, one document pair is sampled between the
document with the highest relevance score and any other doc-
ument chunk. By such sampling strategy, the training process
focuses on distinguishing between the most relevant document
and other weakly related/irrelevance documents, improving its
performance on high-relevance document fine-filtering. The
orange/blue double-sided arrows in Fig. 9 illustrates the high-
relevance adjacency/one-to-all pairing strategy.

V. BENCHMARK

The EDA-Corpus [22] provides a high-quality Question-
Answer benchmark consisting of 196 unique QA pairs. In
practical scenarios involving EDA tool documentation QA,
user queries often span multiple aspects of the documentation
and require complex logical reasoning to resolve. However,
most of the questions in EDA-Corpus are confined to a
single document chunk, with their answers being directly
and literally extractable from the corresponding content. This
characteristic limits its ability to effectively evaluate the logical
inference capabilities of the LLM generator in a customized
RAG flow. There is a clear need for an EDA tool docu-
mentation QA benchmark where questions require referencing
multiple document chunks and are logically sophisticated.
Such a benchmark would necessitate logical inference that
integrates both EDA domain knowledge and document con-
tent to generate accurate answers. To address this need,
we developed and released the ORD-QA dataset. ORD-QA
comprises 90 high-quality question-document-answer triplets
derived from the OpenROAD [1] documentation. To create
the dataset, the OpenROAD documentation! was divided into
290 segments based on section and section markdowns. One
to five document chunks were then randomly selected at a
time. For single chunks or logically related chunks, GPT-4
was used to generate EDA-related questions relevant to the
selected content. Corresponding answers were generated based
on the document chunks. Each triplet underwent thorough
manual review to correct logical inconsistencies and errors.
Additionally, realistic user queries about OpenROAD were

1 https://openroad.readthedocs.io/en/latest/
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manually crafted, with accurate answers provided to enrich the
dataset.

The questions within the ORD-QA dataset are classified
into four distinct categories: 1) functionality; 2) VLSI-flow;
3) GUI; and 4) installation & test. Functionality questions
elaborate on the application of specific commands or options
within particular user scenarios. VLSI-flow questions seek
detailed steps required to execute a specific VLSI process. GUI
questions pertain to the operation of the OpenROAD GUI,
whereas installation & test questions encompass guidelines for
software installation and queries related to unit test modules.
For the distribution of question categories in ORD-QA, the
questions of functionality, vlsi-flow, GUI, and install&test
account for 51.1%, 24.4%, 18.9%, and 5.6%, respectively.
53.3% and 28.9% of the questions are formulated based on
one and two document chunks. The rest (17.8%) are based on
more than three document chunks. Among the 90 questions,
89 of them refer to no more than five document chunks, with
only one question based on seven document chunks. Compared
to the EDA-Corpus QA benchmark, approximately 46.7% of
the questions in ORD-QA are derived from multiple document
chunks. Furthermore, due to the rigorous and sophisticated
dataset creation process, the questions in ORD-QA are sig-
nificantly more logically complex, requiring both extensive
EDA domain knowledge and advanced logical reasoning to
solve. This makes ORD-QA highly effective for evaluating the
performance of RAG workflows in addressing complex, EDA
tool-related queries.

V1. EXPERIMENTAL RESULTS
A. Training Dataset Collection

This section discusses the process of collecting training
dataset for the fine-tuning of all models used in RAG-EDA.

Dataset for Text Embedding Model: To construct the EDA-
domain-specific {query, positive sample, negative sample}
triplets mentioned in Section III-A, we first collected a
comprehensive list of 261 EDA terminologies covering areas
like logic synthesis, power analysis, partitioning, floorplan-
ning, placement, routing, STA, DRC, and LVS. Our dataset
collection process involved selecting a terminology ¢#; from this
list and using GPT-3.5 to generate a related user query (s;).
GPT-3.5 also rephrases the sentence structure of s;, which is
used as the positive sample (s:r). Simultaneously, we created
a negative sample (s; ) by replacing f; in s; with a different
terminology #; resulting in a data triplet {s;, sl-+, s; }. Overall,
we gathered 3975 query, positive sample, negative sample
triplets to fine-tune the text embedding model.

Dataset For Generator: There are two training phases for
generator: 1) domain knowledge pretrain and 2) task-specific
instruction tuning. For the construction of the pretraining
dataset, we divided the two textbooks [42], [43] mentioned
in Section III-D into 4863 chunks, ensuring that each chunk
does not exceed 1024 tokens. We design a rigorous flow
for generating the training corpus for task-specific instruc-
tion tuning: Initially, we sample ten document chunks from
the OpenROAD documentation to form a document pool.
Subsequently, GPT-4 is prompted to select n (n < 10)
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document chunks from this pool that are logically connected.
Based on the n selected document chunks (7), we prompt GPT-
4 to generate one question (g) from the perspective of the
OpenROAD users, analyze the question step by step, and give
the answer (a) referring to r. Following the procedure above,
we generate 1732 {q, r, a} triplets as our dataset for instruction
tuning. Due to the logical rigorousness of the flow and the
extraordinary performance of GPT-4, it is guaranteed that the
vast majority of the generated training data is error-free and of
high quality. Moreover, we also conducted manual check on
the GPT-4-generated training data and has fixed a few logical
erTors.
Dataset for Reranker Model: To construct the dataset of
reranker finetuning, we first randomly sample triplets from
the instruction-tuning dataset. For each question ¢g;, we treat
their corresponding relevant document chunks 7; as the positive
documents and denote them by Cl-+ . Then, we apply hybrid
retrieval described in Section III-B on ¢;, and set the top-k
values for both the lexical and semantic searchers to be 10, in
result, 20 document chunks are retrieved and denoted as C; .
Among the chunks in C;, we prompt GPT-4 to detect the ones
which are weakly related/irrelevant with g;, and denote them
by C; . Finally, we get 208 {g;, Cf, C; "} triplets as the dataset
for reranker finetuning.
To construct the dataset for the LLM reranker, we use
the OpenROAD document and the content of two EDA
textbooks [42], [43] as the document sources. The dataset
construction flow consists of three steps.
1) We randomly select one document chunk from the
document sources, referring to which we prompt GPT-4
to generate the corresponding user query g.

2) For g, we apply hybrid retrieval introduced in
Section III-B to retrieve 10 documents (denoted as D).

3) We prompt GPT-4 to analyze the logical relevance
relationship between ¢ and each document in D, and
gives the corresponding relevance score. The score
ranges from O to 100 and the detailed scoring criterion
can be found in https://github.com/lesliepy99/RAG-

EDA/blob/main/README.md#scoring-criterion-for-query-

document-relevanceGithub. After the third step, the
textual relevance analysis (denoted as A) and the
scoring results (denoted as S) are generated for query
g and retrieved documents D. By applying the above
construction flow, we get 22744 {q, D, A, S} items in
the LLM reranker training dataset. Note that the textual
relevance analysis A is exactly the “analysis” part in
Fig. 8.

B. Experimental Setting

In our customized RAG flow, the text embedding model was
fine-tuned on bge-large-en-v1.52 for 2 epochs with a batch size
of 16, a maximum sequence length of 128, and a temperature
of 0.05. The reranker, based on the bge-reranker-large model?
and XLM-RoBERTa architecture, was fine-tuned for 30 epochs
with a batch size of 4 and a maximum sequence length of 512.

2https://huggingface.co/BAAI/bge—]arge—en—v1 5
3 https://huggingface.co/BA Al/bge-reranker-large
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The generator, leveraging the Qwenl.5-14B-chat model [45],
was trained in two stages. For domain knowledge pretraining,
the model was trained for 2 epochs on the textbook chunks
dataset described in section VI-A with a learning rate of le-5
and a batch size of 1. For task-specific instruction tuning, the
model was fine-tuned using QLoRA [46] for 4 epochs with a
learning rate of 2e-4, a batch size of 1, a maximum sequence
length of 4096, and a LoRA rank of 32. The LLM reranker,
based on Yi-9B-200K,* was fine-tuned in two stages. During
the pointwise instruction tuning stage, the model was trained
for 1 epoch with a batch size of 4 and a learning rate of le-5.
In the pairwise LTR training stage, the model was fine-tuned
using QLoRA [46] for 1200 steps with a batch size of 4, a
learning rate of 2e-4, and a LoRA rank of 16. All the models
mentioned above were fine-tuned on a cluster of 16xA100
GPUs, each with 40 GB of memory. For training runtime, the
pretraining and instruction tuning phases of the RAG-EDA-
generator take around 30 and 75 min, respectively. For the
LLM reranker, the pointwise instruction tuning stage and the
pairwise LTR stage take around 56 min and 10 h to complete.

C. Evaluation: Text Embedding Model

In this section, we assess the performance of the dense
(semantic) search facilitated by our fine-tuned text embedding
model, utilizing the ORD-QA benchmark. Initially, we employ
the text embedding model currently under evaluation to encode
the 290 document chunks, as detailed in Section V, into the
vector database. Subsequently, each question g within ORD-
QA is encoded by the text embedding model to obtain its
vector representation e?. We then utilize the similarity search
library Faiss [57] to identify the top-k closest document chunks
to e¢? within the vector space. We use the metric recall@k
(introduced in Section II-B) to measure the capacity of the text
embedding model in retrieving relevant documents. We adopt
the text-embedding-ada-002 model by OpenAl, bge-large-en-
v1.5, gte-large® (embedding model adopted by ORAssistant)
and mxbai-embed-large-v1® (embedding model adopted by
OpenROAD-Assistant) as baselines, and set k to be 5, 10, 15,
and 20 for evaluating recall@k. Experimental results in Table I
show that fine-tuned by our well-designed contrastive learning
scheme on the EDA corpus, our fine-tuned text embedding
model dramatically outperforms all baseline models on the
task of retrieving relevant documents for EDA-tool-involved
questions.

D. Evaluation: Reranker Model

To evaluate the performance of our fine-tuned LLM reranker
model on filtering out weakly related and irrelevant doc-
uments, for each question ¢ in ORD-QA, hybrid search
(described in Section III-B) is first conducted. We use Faiss
and BM25 for the lexical and semantic searches, respectively,
and set the search limit of each retriever to be 20. After hybrid
document search, we obtain 40 candidate relevant document
chunks for g. Then, we de-duplicate the candidates. Next,

4https://huggingface.co/O 1-ai/Yi-9B-200K
5 https://huggingface.co/thenlper/gte-large
6https://huggingface.co/mixedbread—ai/rnxbali—embed—large—v1
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TABLE I
PERFORMANCE OF SEMANTIC SEARCH FOR TEXT
EMBEDDING MODEL ON ORD-QA
‘ Model type recall@5 recall@10 recall@15 recall@20
text-embedding-ada-002 0.447 0.534 0.609 0.634
bge-large-en-v1.5 0.503 0.596 0.634 0.660
gte-large 0.398 0.509 0.559 0.608
mxbai-embed-large-v1 0.329 0.435 0.491 0.553
Our embedding model 0.547 0.658 0.702 0.733
TABLE II
PERFORMANCE OF RERANKER FOR WEAKLY RELATED
DOCUMENTS FILTERING ON ORD-QA
‘ Model type ‘ recall@l recall@2 recall@3 recall@4 recall@5
RRF 0.248 0.342 0.391 0.435 0.484
bge-reranker-large 0.360 0.441 0.484 0.497 0.522
bge-reranker-base 0.354 0.435 0.509 0.584 0.596
bge-reranker-v2-gemma 0.404 0.503 0.559 0.584 0.627
RAG-EDA reranker [47] 0.335 0.534 0.609 0.665 0.671
LLM Reranker (ours) 0.441 0.584 0.658 0.708 0.720

the reranker model calculates the similarity score between
g and each candidate document chunk, and the top k doc-
ument chunks with the highest scores are selected as the
relevant document chunks. Subsequently, we can calculate
recall@k to measure the fine-filtering ability of the reranker.
The open-source reranker model bge-reranker-large, bge-
reranker-base’ (reranker model adopted by ORAssistant), the
LLM-based reranker model bge-reranker-v2-gemma,® and the
SOTA domain customized reranker RAG-EDA reranker [47]
are selected as the baselines. We also compare our reranker
model with RRF (introduced in Section II) since it is used
in RAG-fusion, one commonly used RAG flow. Table II lists
the experimental results on ORD-QA: by setting k from
1 to 5, our fine-tuned LLM reranker model outperforms
the baselines in filtering out weakly related documents and
preserve relevant documents, for EDA-tool-related questions
and documents. Especially compared with the SOTA EDA-
domain reranker model by RAG-EDA [47], our proposed LLM
reranker improves the top-1 to top-5 reranking recall by 10.6%,
5.0%, 4.9%, 4.3%, and 4.9%, respectively.

E. Evaluation: Generator

To assess the performance of our proposed generator
on EDA-tool-related questions, each question g in ORD-
QA is combined with its golden relevant documents r into
a predesigned prompt, which is fed to the generator for
answer generation. We evaluate the generator’s performance
by calculating BLEU, ROUGE-L, and UniEval scores for
each generated answer against the ground-truth answer. We
choose OpenAl GPT-4 [36], ol-preview [48] and several
SOTA open-source chat LLMs [45], [49], [50] as baseline
models. Experimental results presented in Table III indicate
that our generator, trained using the two-stage EDA-specific
training scheme outlined earlier, is equipped with domain

Thttps://huggingface.co/BA Al/bge-reranker-base
8https://hug gingface.co/BAAl/bge-reranker-v2-gemma
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TABLE III
PERFORMANCE OF THE LLMS AS GENERATORS ON ORD-QA

Model Type ‘ ORD-QA#functionality ‘ ORD-QA#vlsi-flow ‘ ORD-QAf#gui & install & test ‘ ORD-QA#all ‘

| BLEU ROUGE-L UniEval | BLEU ROUGE-L UniEval | BLEU ROUGE-L UniEval | BLEU ROUGE-L UniEval |
GPT-4 [36] 0.116 0.257 0.724 0.149 0.268 0.759 0.184 0.328 0.798 0.141 0.277 0.751
ol-preview [48] 0.067 0.179 0.750 0.067 0.172 0.780 0.082 0.216 0.817 0.071 0.186 0.774
llama-2-13B-chat [49] 0.099 0.224 0.694 0.110 0.214 0.654 0.125 0.250 0.678 0.108 0.228 0.680
Baichuan2-13B-Chat [50] 0.089 0.244 0.743 0.073 0.260 0.781 0.092 0.281 0.740 0.086 0.257 0.751
Qwen1.5-14B-Chat [45] 0.077 0.189 0.604 0.099 0.175 0.513 0.127 0.272 0.739 0.095 0.206 0.615
Qwenl.5-14B-Chat finetuned w. PPO [40] | 0.086 0.210 0.720 0.123 0.235 0.735 0.132 0.278 0.735 0.106 0.233 0.727
Qwenl.5-14B-Chat finetuned w. DPO [41] | 0.084 0.207 0.723 0.116 0.220 0.736 0.128 0.262 0.748 0.103 0.223 0.732
RAG-EDA-generator (ours) 0.150 0.319 0.788 0.188 0.326 0.798 0.224 0.374 0.809 0.177 0.334 0.795

TABLE IV
PERFORMANCE OF THE RAG FLOWS ON ORD-QA
RAG Flow ‘ ORD-QA#functionality ORD-QA#vlsi-flow ‘ ORD-QA#gui & install & test ‘ ORD-QA#all

| BLEU ROUGE-L UniEval | BLEU ROUGE-L UniEval | BLEU ROUGE-L UniEval | BLEU ROUGE-L UniEval |
Vanilla-RAG [34] 0.088 0.204 0.635 0.089 0.206 0.669 0.139 0.258 0.726 0.101 0.217 0.665
RAG-fusion [26], [51] 0.080 0.193 0.624 0.088 0.202 0.681 0.150 0.274 0.698 0.099 0.215 0.656
HyDE [52] 0.080 0.188 0.603 0.075 0.185 0.658 0.130 0.255 0.712 0.091 0.204 0.643
Illmlingua [53]-[55] 0.056 0.179 0.565 0.048 0.162 0.586 0.091 0.221 0.658 0.062 0.185 0.593
ITER-RETGEN [56] 0.098 0.208 0.652 0.089 0.202 0.632 0.136 0.251 0.700 0.105 0.217 0.659
ORAssistant [24] 0.046 0.155 0.600 0.060 0.163 0.695 0.065 0.183 0.691 0.054 0.164 0.645
ORAssistant with LLM reranker 0.047 0.154 0.602 | 0.0597 0.163 0.722 0.0750 0.194 0.672 0.057 0.166 0.648
OpenROAD-Assistant [23] 0.044 0.187 0.643 0.061 0.181 0.742 0.062 0.200 0.671 0.053 0.189 0.674
OpenROAD-Assistant with LLM reranker | 0.053 0.213 0.671 0.045 0.189 0.774 0.072 0.222 0.751 0.056 0.209 0.716
RAG-EDA+GPT-4 0.101 0.230 0.681 0.116 0.234 0.690 0.178 0.299 0.742 0.123 0.248 0.698
RAG-EDA [47] 0.119 0.281 0.699 0.147 0.269 0.746 0.166 0.302 0.776 0.137 0.283 0.729
RAG-EDA with LLM reranker 0.117 0.267 0.727 0.164 0.283 0.728 0.179 0.342 0.832 0.144 0.290 0.752

knowledge in EDA. It demonstrates the capability to accu-
rately answer questions related to EDA tool documentation,
surpassing both commercial and academic chat LLMs for the
overall performance on the ORD-QA benchmark. Notably,
due to the complex reasoning nature of ol-preview [48],
its performance on ORD-QA tends to produce answers that
are longer and more redundant compared to the ground-truth
answers, resulting in relatively lower BLEU and ROUGE-L
scores. Nevertheless, owing to its strong reasoning capabilities,
ol-preview achieves UniEval scores that rank second only
to RAG-EDA-generator on the overall ORD-QA benchmark.
Furthermore, for the “gui & install & test” question type, ol-
preview even surpasses our fine-tuned RAG-EDA-generator in
terms of UniEval performance.

To assess the effectiveness of our two-stage training scheme
for generator training in EDA tool documentation QA,
we compare it with two state-of-the-art RLHF techniques:
PPO [40] and DPO [41]. For both methods, we augment the
instruction tuning dataset from Section VI-A, using original
answers as “chosen” samples and generating lower-quality
“rejected” samples via Qwen1.5-14B-chat. Qwen1.5-14B-chat
serves as the base model for the policy and reward models
in PPO/DPO. All models are fine-tuned for one epoch using
LoRA on 4 NVIDIA A100 GPUs (80GB), with a batch size
of 8 per device and a maximum sequence length of 4096. For
DPO, the learning rate is 2e-4 with a beta value of 0.1, while
PPO uses learning rates of le-5 for the policy model and le-4
for the reward model. As shown in Table III, our two-stage
training scheme outperforms PPO and DPO on the ORD-QA
benchmark. This is due to the inherent complexity of EDA tool
documentation QA, which requires intricate logical reasoning.
Such complexity makes it difficult to reliably evaluate answer
correctness, limiting the quality of DPO training data and
hindering the robustness of PPO’s reward model.

E Evaluation: RAG Flow

Finally, we evaluate the performance of our customized
RAG flow. During the implementation of RAG-EDA, we use
Faiss and BM25 as the semantic and lexical search engines for
the retriever, and set the top-k value of each searcher to 20.
The top-k of the reranker is set to 5. For answer generation, our
generator model is quantized by 4-bit for efficient inference.
We select five cutting-edge academic RAG flows as our
baselines, and they mainly differs in the way to retrieve
documents. Vanilla-RAG [34] solely applies semantic retrieval.
RAG-fusion [51] uses both semantic and lexical retrievals and
applies RRF [26] for documents fusion and reranking. For
HyDE [52], hypothetical documents are appended to the query
for accurate semantic retrieval. LLMlingua [53], [54], [55]
renders compression for the user query and retrieved docu-
ments for key information extraction and efficient inference.
Finally, ITER-RETGEN [56] synergizes retrieval and gen-
eration in an iterative manner. Moreover, we also evaluate
OpenROAD-Assistant [23] and ORAssistant [24], two SOTA
EDA tool QA RAG frameworks.

For implementation of vanilla-RAG, HyDE, LLMlingua,
ITER-RETGEN and RAG-Fusion, we use Faiss and OpenAI’s
text-embedding-ada-002 model for semantic retrieval, BM25
for lexical retrieval, and GPT-4 as the generator. To ensure
fair comparison, the top-k value for semantic retrieval
in vanilla-RAG, HyDE, LLMlingua, ITER-RETGEN and
OpenROAD-Assistant is set to 5. For ORAssistant, the top-k
values of the retriever and reranker are set to 20 and 5, and
GPT-4 is used as the generator. For RAG-fusion, semantic and
lexical retrievers have top-k values of 20, with RRF selecting
the top-5 highest-scoring documents as relevant. For the
ablation study, we replace RAG-EDA’s generator with GPT-4
as a baseline. As shown in Table IV, ORD-QA questions are
grouped into three consolidated categories: 1) functionality;
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2) VLSI-flow; and 3) GUI & install & test (the latter
combines smaller categories). Columns 2 to 4 present results
for these categories, while the final column shows the average
across all questions. Performance metrics (BLEU, ROUGE-
L, UniEval) compare generated answers from the RAG flow
to ground-truth answers in ORD-QA. Our proposed RAG
flow (RAG-EDA) achieves the best performance across all
categories, with the baseline “RAG-EDA+GPT-4” (replacing
the generator with GPT-4) ranking second. This highlights
the effectiveness of our RAG flow and fine-tuned generator
for EDA tool documentation QA. RAG-fusion, HyDE, ITER-
RETGEN, and LLMlingua underperform compared to our
customized flow, emphasizing the importance of tailoring the
RAG flow for EDA documentation QA tasks. In the QA
process of ORAssistant, the LLM is first prompted to identify
a subset of document chunks relevant to the user question
prior to the retrieval phase. The retriever is then applied to
this subset to retrieve the most relevant documents. However,
since ORD-QA includes a significant portion of questions that
span document chunks across various aspects, this retrieval
mechanism often results in incomplete document retrieval,
leading to reduced performance. For OpenROAD-Assistant,
the primary factor behind the lower QA quality is the relatively
low accuracy of document retrieval.

To evaluate the QA generation improvement from higher
reranking accuracy, we integrate our proposed LLM reranker
into the retrieval phase of RAG-EDA, ORAssistant, and
OpenROAD-Assistant. As shown in Table IV, incorporat-
ing the LLM reranker improves RAG-EDA’s overall BLEU,
ROUGE-L, and UniEval scores by 0.7%, 0.7%, and 2.3%,
respectively. However, for functionality questions, RAG-EDA
with the LLM reranker tends to generate slightly more
redundant answers than the ground truth, resulting in lower
BLEU and ROUGE-L scores. For some visi-flow questions,
despite the LLM reranker achieves higher retrieval recall, the
ground-truth documents are mostly concentrated in the latter
part of the top-5 reranking results. This causes the generator
to focus on less relevant documents in the earlier part,
leading to a lower UniEval score. For OpenROAD-Assistant,
integrating the LLM reranker enhances overall ORD-QA
performance and achieves the highest UniEval score for VLSI-
flow questions among all evaluated RAG flows. Meanwhile,
due to its two-round query mechanism, ORAssistant restricts
retrieval to a subset of OpenROAD document chunks, which
can result in incomplete retrieval for questions requiring
multiple ground-truth documents in ORD-QA. In such cases,
the integration of the LLM reranker has limited impact on
retrieval accuracy, resulting in QA performance similar to that
of ORAssistant.

Fig. 10 presents the runtime analysis of RAG-EDA and
baseline RAG flows on the ORD-QA benchmark. Llmlingua
achieves the shortest runtime due to its use of compressed
prompts, which reduce generator inference latency. Vanilla-
RAG follows with the second shortest runtime, thanks to
its simple retrieval process. RAG-EDA, RAG-EDA+GPT-4,
and RAG-fusion show similar runtimes, with GPT-4 slightly
faster than the finetuned generator. HyDE and ITER-RETGEN
take longer runtimes: HyDE increases generator load by
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Fig. 10.
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Average runtime of the RAG flows to process one question in

appending a hypothetical document to the query, while
ITER-RETGEN’s iterative approach raises computational
costs. Moreover, OpenROAD-Assistant and ORAssistant have
the longest runtimes. ORAssistant’s two-round query mech-
anism is time-consuming, while OpenROAD-Assistant’s use
of a finetuned adapter slows the inference speed compared
to a merged model. Finally, incorporating the LLM reranker
into RAG-EDA increases the average runtime per QA by only
1.78 s. It is noteworthy that, compared to RAG [47] and RAG-
EDA with the LLM reranker, RAG-EDA+GPT-4 achieves
comparable performance while requiring less runtime. The
primary reason for its faster inference lies in GPT-4 being a
production-grade LLM, deployed on the cloud with access to
more powerful hardware resources and extensive optimizations
in both algorithms and hardware utilization. In contrast,
while our locally deployed models (RAG-EDA-generator and
the LLM reranker) have slower inference speeds, they offer
significant advantage in terms of cost-efficiency. Additionally,
they mitigate concerns related to private data leakage, making
them a more reliable and practical choice in the scenario of
EDA tool documentation QA.

The dataset adheres to the same standards as ORD-QA
and comprises 60 question-document-answer triplets. Similar
to ORD-QA, the questions are categorized into three types:
1) functionality; 2) vlsi-flow; and 3) gui accounting for 48.3%,
36.7%, and 15.0% of the dataset, respectively. It is worth
noting that the question types installation and test are not
included, as such topics are not covered in the commercial
EDA tool documentation. Among these, 47 questions are
from one single document chunk, while 11 and 2 questions
require two and three document chunks, respectively. To
prevent the disclosure of proprietary API information from
commercial EDA tools when using OpenAl GPT-4, all API
names in the QA dataset and documentation are anonymized
using six-letter random strings prior to experimentation. The
results obtained using the anonymized dataset are presented
in Table V. The experimental results presented in Tables VI
and VII demonstrate the effectiveness of our fine-tuned embed-
ding model and LLM-based reranker in document retrieval
for the commercial-tool QA dataset. Specifically, our LLM
reranker achieves the highest recall at top-1 through top-4, and
ranks second only to the RAG-EDA reranker [47] at recall@5.
As shown in Table V, the RAG-EDA pipeline enhanced with
the LLM reranker outperforms all SOTA baselines in terms
of overall BLEU and ROUGE-L scores. For the UniEval
metric, it ranks second, following only RAG-EDA [47].
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TABLE V
PERFORMANCE OF THE RAG FLOWS ON QA DATASET OF THE COMMERCIAL EDA TooOL. WE DENOTE THE
COMMERCIAL TOOL QA DATASET AS COMM-QA FOR SHORT

RAG Flow [ COMM-QA#functionality |  COMM-QA#visiflow | COMM-QA#gui \ COMM-QA#all \

| BLEU ROUGEL UniEval | BLEU ROUGEL UniEval | BLEU ROUGEL UniEval | BLEU ROUGEL UniEval |
Vanilla-RAG [34] 0077 0.183 0549 | 0075 0187 0576 | 0051  0.168 0617 | 0072  0.182 0569
RAG-Fusion [26], [51] 0169 0280 0697 | 0.152 0272 0655 | 0.133 0269 0572 | 0.157 0275 0.663
HyDE [52] 0.144 0263 0663 | 0.118 0252 0634 | 0.124 0257 0601 | 0.131 0258  0.643
limlingua [53]-[55] 0082 0217 0570 | 0071 0208 0523 | 0079 0234 0570 | 0.078 0216 0553
ITER-RETGEN [56] 0172 0290 0674 | 0.I57 0274 0682 | 0.152 0284 0668 | 0.163  0.283 0.676
RAG-EDA+GPT-4 0180 0293 0621 | 0173 0274 0618 | 0194 0318 0646 | 0179 0290  0.624
RAG-EDA [47] 0173 0311 0755 | 0179 0306  0.688 | 0.182 0359 0752 | 0176 0332 0730
RAG-EDA with LLM reranker | 0.176  0.331 0693 | 0194 0352 0.691 | 0.I58 0349  0.698 | 0180 0341 0.693

TABLE VI

PERFORMANCE OF SEMANTIC SEARCH FOR TEXT EMBEDDING MODELS
ON QA DATASET OF THE COMMERCIAL EDA TooL

Model type recall@5 recall@10 recall@15 recall@20
text-embedding-ada-002 0.480 0.560 0.587 0.680
bge-large-en-v1.5 0.547 0.613 0.653 0.707
gte-large 0.547 0.600 0.640 0.707
mxbai-embed-large-v1 0.547 0.600 0.653 0.707
Our embedding model 0.773 0.827 0.827 0.867
TABLE VII

PERFORMANCE OF RERANKER FOR WEAKLY RELATED
DOCUMENTS FILTERING ON ORD-QA

Model type ‘ recall@1 recall@2 recall@3 recall@4 recall@5 ‘
RRF 0.573 0.653 0.707 0.747 0.760
bge-reranker-large 0.573 0.667 0.707 0.747 0.787
bge-reranker-base 0.453 0.627 0.653 0.680 0.707
bge-reranker-v2-gemma 0.587 0.707 0.747 0.747 0.787
RAG-EDA reranker [47] 0.573 0.667 0.707 0.747 0.867
LLM Reranker (ours) 0.693 0.747 0.773 0.827 0.840

TABLE VIII

PERFORMANCE OF THE RAG FLOWS ON EDA-CORPUS QA BENCHMARK

LLM Evaluation |

BERTScore

RAG Flow } Precision  Recall F1 } True Partial False ‘
ORASsistant 0.816 0.872  0.842 | 128 4 64
ORAssistant w. LLM reranker 0.815 0.876  0.844 | 146 5 45
OpenROAD-Assistant 0.846 0.871 0.857 | 123 20 53
OpenROAD-Assistant w. LLM Reranker 0.835 0.878 0.854 | 137 7 52
RAG-EDA 0.824 0.886  0.853 | 157 17 22
RAG-EDA w. LLM Reranker 0.823 0.886  0.853 | 162 11 23

Further analysis reveals that RAG-EDA with the LLM reranker
achieves the best performance on vlsi-flow questions across
all three metrics. Meanwhile for the functionality and gui
categories, the original RAG-EDA (without the LLM reranker)
performs better, which can be attributed to its higher reranking
recall on these specific question types. In conclusion, the
experimental findings validate that the proposed RAG-EDA
framework, when combined with an LLM-based reranker, can
be effectively adapted for documentation-based QA across a
range of EDA tools.

G. Evaluation on EDA-Corpus

In this section, we evaluate our proposed framework
on the EDA-Corpus nonaugmented QA benchmark, which
consists of 196 QA pairs, and compare it with two state-
of-the-art EDA QA systems: OpenROAD-Assistant [23] and
ORAssistant [24]. To facilitate the evaluation, we annotate

—— RAG-EDA-embedding model

—

—— LLM-reranker (ours)
—— RAG-EDA-reranker
—— ORAssistant-Reranker

ORAssistant-retriever
—— OpenROAD-Assistant-retriever
T

T T T T T T T T
0.9 e i
3 5 // i Z 08 N
~ /~
0.6 - b
0.4 | | | [ | | | | |
5 10 15 20 1 2 3 4 5
top k top k
(a) (b)
Fig. 11. Evaluation of the (a) retriever and (b) reranker models for document

retrieval, on the EDA-Corpus QA benchmark.

the ground-truth document chunk(s) for each QA pair based
on the OpenROAD documentation. According to the anno-
tation results, 164 (83.7%) questions in the EDA-Corpus
can be fully answered using a single document chunk from
the OpenROAD documentation. In contrast, the remaining
32 (16.3%) questions do not have any relevant document
chunk because they either stem from out-of-scope GitHub
discussions, reference outdated APIs, or involve general
EDA knowledge not documented in OpenROAD. The com-
plete annotation file is available at Github.® The evaluation
focuses on the document retrieval phase, including both the
retriever and reranker models. For the retriever evaluation,
we compare the performance of the RAG-EDA-embedding
model, ORAssistant-retriever (gte-large), and OpenROAD-
Assistant-retriever (mxbai-embed-large-v1). For the reranker
evaluation, since OpenROAD-Assistant does not utilize a
reranker, we evaluate the ORAssistant-reranker (bge-reranker-
base), RAG-EDA-reranker, and our proposed LLM reranker.
The evaluations of both the retriever and reranker models
follow the experimental setups described in Sections VI-C
and VI-D. The experimental results, visualized in Fig. 11(a)
and (b), highlight the effectiveness of our proposed retriever
and reranker models in the document retrieval task for the
EDA-Corpus nonaugmented QA benchmark.

For the evaluation of the complete RAG flow, RAG-EDA
and ORAssistant follow the experimental setup described in
Section VI-F. For OpenROAD-Assistant, due to the absence
of a reranker model, only the retriever model is used during
the document retrieval phase, with the retrieval top-k set to
5. For performance evaluation, we adopt the same metrics

9https://github.com/lesliepy99/RAG—EDA/blob/main/benchmark/EDA—
Corpus-document-annotation.xlsx
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as OpenROAD-Assistant [23] and EDA-Corpus [22], namely,
BERTScore [58] and a GPT-4-based LLM evaluation score.
For the LLM evaluation, given a question g, a ground-truth
answer gt, and a generated answer a, GPT-4 is prompted to
classify a into the following categories: True (if a contains
factual information and correctly answers q), Partially True
(if a answers ¢ correctly but includes incorrect or irrelevant
information), and False (if a fails to answer g or con-
tains false information). The experimental results, summarized
in Table VIII, show that among ORAssistant, OpenROAD-
Assistant, and RAG-EDA, the BERTScores are comparable.
However, based on the LLM evaluation, RAG-EDA [47]
achieves the best performance, with the highest number of
“True” classifications and the fewest “False” classifications.
To further assess the effectiveness of the LLM reranker within
the RAG flow, we integrate the LLM reranker into the retriever
phase of all three RAG systems. As shown in Table VIII,
incorporating the LLM reranker generally enhances the answer
quality, as reflected in improved LLM evaluation scores.

VII. CONCLUSION

We propose RAG-EDA, a customized RAG flow for EDA
tool documentation QA. We develop domain-specific training
strategies and use EDA-related corpus to customize the text
embedding, reranker and generator models for RAG-EDA.
Moreover, we propose to use LLM as the reranker model
in RAG-EDA and customize a two-stage training scheme for
the LLM reranker. Finally, we develop and release ORD-
QA, a documentation QA evaluation benchmark based on
OpenROAD. RAG-EDA with the LLM reranker model has
achieved much better performance on both ORD-QA and a
commercial EDA tool documentation QA benchmark com-
pared with other state-of-the-arts.
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