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of a compute server. SSDs are complex and can have 30+ parts in the BOM, here we

P rOd U Ct Ca rbO N FOOt p r| ﬂt use wooden table as an illustration of a simplified BOM.

Table top
With global manufacturing and production sector accounts for one-fifth of carbon g/ltate:ialz wooden board
. . : e - y:
emissions — consuming 54% of the world’s energy sources — accurately quantifying Weight: 25 Ibs
the greenhouse gas (GHG) emissions associated with products and activities is
: L. .. : : : Table le
crucial for organizations to understand and mitigate their environmental impact. 9 _
Material: wood
Qty: 4
Bill of Materials (BOM) - a comprehensive list of all parts, materials, and quantities Weight: 8 Ibs
required to manufacture a product - is essential to estimate the carbon impacts of 1 Support
materials and manufacturing processes. Material: wooden beam
Wooden Table Qty: 1
: : : i : Weight: 5 Ibs
We picked solid state drive (SSD) for our case study as it is a representative J
electronics product, and can contribute >75% to the manufacturing emissions Corner brackets
Material: stainless steel
Qty: 4
Teardown Data .
Weight: 0.2 Ibs
Repository Creation Palimpsest
% & Data Processing P ry
We create a BOM repository
LLM by extracting data from
teardown documents.
Product Attributes = BOM Repository
Library
Figure 1. Palimpsest’s four
components with a real SSD
example
Retrieval Generation Standardization
When a product is prgsented, Palimpsest |dentifies Once a reference product is Mapping generated material types
a reference product jnd its associated BOM from identified, Palimpsest and manufacturing processes to a
the product and BOM repository. leverages its BOM as a predefined vocabulary, enabling Product Carbon
baseline to generate a comparison across BOMs and with Footprint
BOM for the given product. ground truth. A
LLM
v v
Product , Reference Reference . Adjusted Vocabulary . Emission Factor
: BOM Mapping Mapbi
Attributes Product BOM apping
LLM LLM
BOM of SSD Y:
SSD X: part_level, part_description, gty, material or_ccmponent type, mass, ... .
storage: 720 GB 0, SSD Y, 1. NaN, 54.0 A Real Example V\{Ith
ram: 1 GB LPDDR3 SDRAM, 1333 MH 1, Top Cover, 1, Aluminum, 23.5 Redated Information
weight (g): 55.2 1 Screws, 3, Metal, 0.1
release date: XX/XX/2016 Data source: Techlnsights Inc. https://www.techinsights.com/
2, 120 GB memory, 8, ICs, NaN
SSDY:
= 2rads o0 e Predicted BOM of SSD X:
@'m . 54.0 part_level, part_description, gty, material or component_type, mass, ..., justification
w_?lg_(g). . .XX/XX/2O 15 0, SSD X, 1, NaN, 55.2, ..., Updated weight to match X attribute. Kept other details same as reference product.
re (:,-_?setyea.r.s. ilar st itv (960 GB vs 750 GB RAM itv (1 GB 1, Top Cover, 1, Aluminum, 23.5, ..., Scaled up weight proportionally to the increase in total SSD weight (55.2/54.0 * 23.5)
Justification. simiiar s‘orage capacity ( 0 AB VS ), same capactly ( ) 1, Screws, 3, Metal, 0.1, ..., Keptthe same as reference product, assuming standard screw size
close release date (within 1 year), and similar weight (54.0 g vs 55.2 g).
2, 120 GB memory, 6, ICs, NaN, ..., Adjusted gty to 6 to achieve 720 GB total storage (6 * 120 GB = 750 GB).
We use Claude 3.5 Sonnet as our LLM, and conduct in-context learning in each step.
Model = MAPE RMSE Weighted F1 Scalability
Palimpsest 64.64% 211.80 0.9948 Traditional methods of compiling BOM data are time-intensive and resource-
Naive LLM 72.43% 264.76 0.9601

EEIO 62.24% 23928 NA heavy, often requiring subject matter experts to invest weeks or even month to

collect and validate the necessary information.

The performance of Palimpsest is benchmarked against a Naive LLM baseline, in

which the model is tasked to generate a BOM using zero-shot approach. Palimpsest can predict BOMs within minutes, saving both time and costs

associated with PCF. Practitioners can use this tool as a jump start for hotspot

Naive LLM lacks diversity in BOM prediction and consistently underestimates carbon analysis, supporting organizations decarbonization strategy planning.

emissions.

Of the 112 predicted BOMs, only one has emissions exceeding 150 kgCO2e, R f

compared to 42 BOMs in the ground truth, with some emissions as high as 927 ererences

kgCO2e. In contrast, Palimpsest improves this distribution significantly, with 30 [1] Bharathan Balaji, et al.

predicted BOMs exceeding 150 kgCO2e. Parakeet: Emission factor recommendation for carbon footprinting with generative ai

https://www.climatechange.ai/papers/neurips2024/52
[2] Callie W Babbitt, et al.

Disassembly-based bill of materials data for consumer electronic products

* Palimpsest provides practitioners a jump start for emission hotspot analysis, and it
should be treated as an estimation and does not replace the collection of primary

BOM data. Scientific Data, 7 (1):251, 2020
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