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Motivation

High-level performance estimation using Large Language Mod-
els (LLMs) and Machine Learning (ML) offers a promising solu-
tion to the growing complexity of embedded systems. We explore
the use of LLMs to extract performance-related information from
RTL source code and documentation, enabling efficient performance

analysis of RISC-V processors.

The proposed method combines LLM-assisted text processing with
ML techniques to train Predictive Models (PMs). By extracting
data from RTL, we aim to achieve accurate performance estimation
without the need for RTL simulations, accelerating the design and

optimization process.

Evaluation

o LLM: ChatOpenAl (gpt-3.5-turbo-0125)
e Embedding model: SentenceTransformer

e [esting benchmarks: TACLeBench

e Functional Simulator: Whisper
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1. Text Generation

Can you list all the parameters, one by one, related to the
executed cycles that | should obtain from the RTL source

code and documentation, such as "multiplier_latency", ... |

Toad_store_latency, multiplier_latency, divider_latency,
fetch_stall, align_stall, decode_stall, commit_stall,

branch_hit_penalty, branch_mispredict_primary_penalty, ... |

:What is the value of {parameter} for the core {core}?

(Response_doc: The value of load_store_latency for the
SweRV core is 2 cycles.

Response_src: The value of load_store_latency for the

core SweRV is not explicitly mentioned ...

W,
/(ystem: \

Generate an answer to the user's question based on the
values of {parameter} found in both {response_doc} and
{response_src}.

Follow these guidelines:

1. If both values of {parameter} from {response_doc} and
{response_src} are O, return "{parameter} = 0",

2. If one value of {parameter} from either {response_doc} or
{response_src} is 0, and the other is non-zero, return "
{parameter} = <non-zero value>".

3. If both values of {parameter} from {response_doc} and
{response_src} are non-zero but differ, return "{parameter}
= value from {response_src}".

4. If both values of {parameter} from {response_doc} and
{response_src} are the same non-zero value, return "
{parameter} = <that value>".

Human:
Generate the answer only in the format "{parameter} =

<actual value>".

AN

-
load_store_latency = 2
multiplier_latency = 3

-igure 1: lllustration of user-LLM interactions during phases 1 and 2 for extracting
nerformance-related parameters from RTL documentation and source code.

Scale’'Edge

Grant number 16MEQ127 and 01I1W22002

7
ECXL

Proposed Methodology
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Figure 2: Overview of the proposed LLM-assisted methodology for performance
estimation of embedded software.

Results

Table 1: Experimental Results of all Benchmarks used for Validation of PMs on
RV32I.

benchmark|# instr-exec. SLOC j%éWCe}iI\; IZIE:IEI #ng[zle IZI;)AEZ

adpcm dec. 2880766 397 3644041 0.21% 5260228 0.87%
adpcm enc 2898909 413 3224628 13.59% 5232514 0.24%
cubic 28338773 646 34071398 1.34% 64221227 23.68%
deg2rad 510 731 32 573745 251% 872615 1.12%
fFt 3678522 492 5420220 1.15% 4010734 43.26%
gsm dec 0168156/ 504 14387983 2.50% 12076100 30.08%
Isqrt 1002078 629 3125021 1.30% 1220580 0.72%
Ims 5814943 114 7063929 0.79% 10253500 1.04%
rad2deg 420103 32 482789 0.51% 627494 10.17%
st 3684066 127 4445458 1.05% 5842673 7.88%
MAPE 2.50% 11.90%

Compared to the state-of-the-art method in [1|, which reported

higher Mean APE (MAPE) for SweRV (6.5%) and RSD (18.6%),
our methodology MAPE by 61.54% for SweRV and 36.02% for RSD,

demonstrating significant improvements in accuracy.
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