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Abstract: As global climate change intensifies, assessing product carbon footprints serves
as a foundational step for quantifying greenhouse gas emissions throughout a product’s
lifecycle, forming the basis for achieving sustainability and emission reduction goals.
Traditional lifecycle assessment methods face challenges such as subjective boundary
definitions and time-consuming inventory construction. This study introduces PCF-RWKY,
anovel model based on the RWKYV architecture with task-specialized low-rank adaptations
(LoRAs). Trained on carbon footprint datasets, the model minimizes memory use and
data interference, enabling efficient deployment on consumer-grade GPUs without relying
on cloud computing. By integrating multi-agent technology, PCF-RWKV automates the
creation of lifecycle inventories and aligns production processes with emission factors
to calculate carbon footprints. This approach significantly improves the efficiency and
security of corporate carbon footprint assessments, providing a potential alternative to
traditional methods.

Keywords: product carbon footprint; lifecycle assessment; large language model; RWKV
architecture; low-rank adaptation; multi-agents

1. Introduction

As global climate change and its adverse impacts become increasingly severe, achiev-
ing sustainable development and reducing greenhouse gas emissions have become urgent
global tasks. China has proposed the “3060” targets, aiming to peak carbon emissions
by 2030 and achieve carbon neutrality by 2060, integrating these goals into the national
strategy [1].

Accurate carbon accounting is essential for mitigation and emission-reduction strate-
gies. The Intergovernmental Panel on Climate Change (IPCC) developed the Emission
Factor Method (EFM) [2], and life cycle analysis (LCA) based on it has become a recognized
carbon-accounting method with the help of ISO and IPS standards. Product development,
a major source of greenhouse gas emissions, is now a focus. In 2023, China issued the
Implementation Plan on Establishing a Carbon Footprint Management System, which
specifies the tasks of building a carbon footprint management system for Chinese products
in the coming period. Product carbon footprint (PCF) is a crucial assessment tool [3,4].
LCA, a traditional PCF-evaluation method, has challenges. Gathering lifecycle inventory
data is labor-intensive, costly, and inefficient due to the complexity and variety of data at
each product stage [5-7]. Also, defining product boundaries based on expert knowledge
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adds uncertainty and subjectivity, affecting assessment results and decision-making. Thus,
efficient PCF assessment under unified standards is crucial.

Large language models (LLMs) have emerged, addressing the inefficiencies and high
costs of traditional LCA methods and enabling rapid content generation based on ex-
pert knowledge [8]. However, current Transformer-based general-purpose models face
issues [9]. Cloud-deployed models risk data leakage, while local deployment is ham-
pered by hardware limitations due to high memory and computational demands. These
models also lack domain-specific knowledge for carbon footprint accounting, leading to
inaccurate responses.

Our research introduces the innovative PCF-RWKYV model, focusing on the RWKV
architecture, low-rank adaptation (LoRA) training, and multi-agent technology integra-
tion. This overcomes the limitations of existing methods like AutoPCF [10] and traditional
Transformer models. AutoPCF lacks targeted adjustments, task-specific training, and
agent technology. In contrast, PCF-RWKYV uses low-rank adaptation, is trained on a
7-billion-parameter specialized dataset for carbon footprint assessment, and can be effi-
ciently deployed locally on a single consumer-grade GPU, ensuring data security.

Through multi-agent technology, PCF-RWKYV can automatically generate models for
product production, raw material energy use, and waste emissions, effectively constructing
a “cradle-to-gate” lifecycle model.

The “Cradle-to-gate” lifecycle model [11] evaluates a product’s environmental impact
starting from raw material acquisition through to the point it exits the manufacturing facility.
It quantifies carbon footprint by assessing energy use, greenhouse gas emissions, and
additional environmental factors, excluding transportation and product usage phases. It
utilizes semantic-based matching to assign appropriate emission factors for each production
process, allowing for accurate carbon footprint calculations. This offers enterprises a secure,
efficient, and professional solution for product carbon footprint (PCF) assessment.

The main contributions of this paper are as follows:

1.  The PCF-RWKYV carbon footprint assessment model was designed based on the
RWKYV framework. The model incorporates multiple stacked residual blocks within
the RWKYV architecture and three task-specialized LoRAs, enabling efficient operation
on low-power edge devices while ensuring data processing security and model
performance stability. Compared to traditional Transformer models, the PCF-RWKV
based on the RWKYV architecture reduces time complexity from O(n?) to O(n) and
space complexity from O(n? + 1) to O(1), achieving constant memory usage and
significantly enhancing the ability to process long sequence data.

2. Low-rank adaptive techniques were applied to train the model on a product carbon
footprint assessment knowledge dataset. Through refined parameter allocation and
multi-head LoRA task-specialized training, the model reduces data interference dur-
ing training and significantly decreases memory waste caused by redundant base
model deployments.

3. A multi-agent collaborative framework for carbon footprint assessment was devel-
oped based on the AutoGen framework. This framework facilitates dynamic knowl-
edge base updates and automated carbon footprint assessment processing through
agent collaboration, significantly enhancing the model’s practicality and adaptability.

4.  The effectiveness of the proposed method was experimentally verified. The exper-
imental results indicate that, compared to traditional methods, PCF-RWKYV offers
significant advantages in assessment efficiency and resource consumption. Current
shortcomings in the accuracy and stability of PCF-RWKV were also analyzed, and
directions for future improvements were suggested.
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The structure of this paper is as follows: Section 1 introduces the background of
product carbon footprint assessment and the main contributions of this study. Section 2
reviews the current major methods and related research in the field of PCF assessment.
Section 3 details the architectural design and training methods of the PCF-RWKV model and
explains the design and collaboration process of the multi-agent collaborative framework.
Section 4 evaluates the model’s performance through experiments. Section 5 provides an
in-depth discussion of the experimental results and points out future research directions.
Finally, Section 6 concludes the paper.

2. Background and Related Work

The calculation of product carbon footprint (PCF) typically follows the lifecycle as-
sessment (LCA) process, which generally includes five stages: raw material extraction,
manufacturing, distribution, use, and end-of-life disposal. This comprehensive calcula-
tion is often referred to as “cradle-to-grave”. In this study, the PCF calculation scope
is limited to “cradle-to-gate”, primarily focusing on the production and manufacturing
process, as these are the lifecycle stages with the highest concentration of raw material and
energy consumption.

Estimating a product’s carbon footprint usually involves three main steps: defin-
ing the system boundary, conducting a life cycle inventory analysis, and assessing
environmental impacts.

Lifecycle assessment (LCA) experts determine the system boundary based on the
definition of the product’s carbon footprint and build a life cycle inventory (LCI) using
their professional knowledge and experience. Specifically, experts need to analyze each
stage of the product lifecycle and identify the inputs and outputs required to construct
the product lifecycle model. Subsequently, they assess the environmental impacts of all
inputs and outputs throughout the product lifecycle, focusing on greenhouse gas emissions.
Inputs typically include raw materials and energy, as well as emissions from the production
processes of raw materials, consumables, and auxiliary energy (such as electricity). Outputs
generally include waste gases, wastewater, and waste materials, such as greenhouse gas
emissions from fossil fuel use. Finally, these emissions are converted into carbon dioxide
equivalents (CO,-eq) and summed to calculate the product’s carbon footprint.

This process can be time-consuming, involving the decomposition of each lifecycle
stage of the product based on industry production experience or relevant literature to
determine the inputs and outputs for each process. The input-output inventory values
are then determined based on actual production conditions, and the results are calculated.
Despite the existence of some lifecycle modeling tools and databases that can help improve
calculation efficiency, completing a product carbon footprint assessment still requires
several days or even months.

Thus, developing efficient and accurate carbon footprint assessment tools is crucial.
Improving assessment efficiency via technology has become a hot topic among scholars.

Gonzalez-Gonzélez et al. (2022) presented an explainable machine learning approach [12]
to automatically estimate industrial carbon footprints. By classifying bank transaction
records and using NLP on descriptions, it overcomes the inefficiencies of existing pro-
tocols. The method achieved good metrics and provided interpretable decision-making
ways. Zeng et al. (2023) proposed an online accounting method [13] for coal mine carbon
emissions in coal industry groups. Using a B/S architecture, it changed from top-down
to bottom-up. This allows online data handling and publication, enhancing accounting
efficiency and accuracy, and enabling result sharing.

Deng et al. (2023) presented the AutoPCF framework [10] using large language
models (LLMs) to automate product carbon footprint (PCF) accounting. By testing five
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LLMs’ ability to simulate the product lifecycle, we found that it could significantly reduce
modeling time from days to minutes for automatic PCF modeling and estimation.

Wang and Luo (2023) proposed a carbon emission accounting and monitoring
system [14] with AI algorithms, optimizing accounting via algorithm analysis, applying
three combined models (particle swarm optimization with 90% stability and 89% accuracy)
for multi-level real-time monitoring and prediction to aid carbon-reduction strategies.
Huang and Mao (2024) put forward a data-driven approach [15] using Al to manage global
supply chain carbon footprints, constructing an Al-centered framework to analyze, opti-
mize, and monitor footprints with machine learning and optimization on relevant datasets
for reduction strategies.

Building on these studies, this paper designs and trains the novel dual-carbon large
model PCF-RWKYV based on the RWKYV architecture. The PCF-RWKYV model, trained with
low-rank adaptive techniques on a dual-carbon dataset, comprises 7 billion parameters and
can be efficiently deployed on a consumer-grade single GPU locally, ensuring enterprise
data security. By integrating multi-agent technology, PCF-RWKYV automatically generates
models for product production processes, raw material energy use, and waste emissions,
constructs lifecycle models, and ultimately calculates the carbon footprint, enhancing the
accuracy and stability of product carbon footprint evaluations using large language models.

This paper’s work represents a significant advancement in the field by combining the
strengths of previous studies. Like Gonzélez-Gonzalez et al., we prioritize explainability
and trust in our model’s outputs. We adopt the efficiency and speed improvements show-
cased by Deng et al. and Wang and Luo, and we echo Huang and Mao’s comprehensive
approach to managing carbon footprints across supply chains. Our PCE-RWKV model not
only streamlines the process of carbon footprint assessment but also ensures data security
and enhances the scalability of carbon footprint evaluations, making it a robust tool for
enterprises in their pursuit of sustainable development and carbon reduction strategies.

3. Materials and Methods
3.1. Architecture of the PCE-RWKYV Model

To prevent the model from crashing due to excessive memory usage during the
deployment of large Transformer models on edge devices, the PCE-RWKYV model adopts
the RWKYV architecture as its foundational structure. RWKYV [16] (Receptance-Weighted
Key Value) is a novel architecture that combines the parallel computing capabilities of
Transformers [17] with the time series processing capabilities of RNNs [18], featuring
linear computational complexity and supporting parallelized training. As illustrated in
Figure 1, the PCF-RWKYV model consists of multiple stacked residual blocks within the
RWKYV architecture and three task-specialized LoRA (low-rank adaptation) heads. Each
residual block comprises a time-mixing sub-block and a channel-mixing sub-block, which
are embedded with recurrent structures to leverage historical information. This model
architecture combines the advantages of RNNs and Transformers while avoiding their
respective major drawbacks. The three task-specialized LoRA heads [19,20] are designed
to handle the LCI generation task, multi-agent task orchestration, and product carbon
footprint calculation task, respectively. This specialized approach reduces data interference
during training and significantly minimizes memory waste caused by redundant base
model deployments during model deployment.

The model employs a unique attention-like mechanism, incorporating a time-dependent
softmax operation to enhance numerical stability and mitigate the vanishing gradient problem.
This ensures that gradients propagate along the most relevant paths. Additionally, the built-
in layer normalization within the model structure aids in stabilizing gradients, effectively
addressing both vanishing and exploding gradient issues. These design elements not only
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accelerate the training speed of deep neural networks but also facilitate multi-layer stacking,
allowing the model to capture complex relationships at different levels of abstraction, thereby
surpassing the performance of traditional RNN models.
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Figure 1. PCF-RWKYV architecture diagram.

The RWKYV model introduces a linear attention mechanism, replacing the dot-product-
based attention computation in traditional Transformer models. This design not only
improves data processing efficiency but also enhances the model’s ability to capture key
information by focusing on the channel features of the data, maintaining low computational
complexity without sacrificing model performance. Compared to traditional Transformer
models, the PCF-RWKYV based on the RWKYV architecture reduces time complexity from
O(n?) to O(n) and space complexity from O(n? + n) to O(1) [16].

In handling sequential data, RWKYV incorporates a time-mixing block to achieve
global interaction, akin to the self-attention mechanism in Transformer models. The core
parameters of the time-mixing block include R, W, K, and V, which are used in a novel
weighting and mixing approach to capture long-range dependencies in sequential data.
The functions of these four core parameters are as follows:

*  R(Receptance): This parameter facilitates memory of past information and implements
a forgetting mechanism through the Sigmoid activation function. R helps the model
decide which past information to retain or forget at the current timestep.

e W (Weight): This parameter assigns weights to different positions in the sequence
based on their relative positions. W is a trainable parameter within the model.

e K (Key)and V (Value): In the RWKV model, K and V are analogous to the K and V
in the attention mechanism, representing the key and value information at different
positions in the sequence.

These four core elements interact multiplicatively at each timestep, as illustrated
in Figure 2.

Unlike traditional Transformer models that directly use the current token’s embedding
as input, the RWKYV model employs a weighted combination of the current token and the
previous token’s embeddings as input. This computation method dynamically integrates
information from consecutive tokens in the sequence by assigning different weights to
token embeddings at different timesteps, providing the model with richer contextual
information and enhancing its ability to capture sequence dependencies. In RWKYV, while
the computation methods for R, K, and V differ from the traditional attention mechanism,
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their basic functions remain similar—capturing the relationships between tokens at different
positions in the sequence. In this architecture, all vectors involved in linear projections (R,
K, Vin time mixing and R/, K in channel mixing) are generated through linear interpolation
between the inputs at the current and previous timesteps. The computation is as follows:

re=Wr- (r @ x4+ (1 — py) ©xp1) 1)
ki = Wi (e © x¢ 4+ (1 — pg) © x4-1) ()
v =Wy (o ©x¢ + (1 — pto) © x4_1) 3)

The implementation of the attention mechanism in the RWKV model diverges sig-
nificantly from traditional Transformer methods. While traditional Transformers rely on
absolute position biases, RWKV abandons this approach and adopts a relative position
encoding mechanism. In traditional models, during training, an independent bias param-
eter w; ; has to be learned for each position in the sequence. In contrast, RWKV uses a
shared parameter vector for position encoding. This change not only reduces the model
complexity remarkably but also boosts the parameter learning efficiency.

Buixipy [puueyd

Burxipy awi |

Figure 2. Time-mixing module and channel-mixing module.

The calculation of the WKV operator in RWKYV is somewhat similar to that in the
Attention-Free Transformer (AFT) [21]. However, there is a key difference. In AFT, W is a
pairwise matrix, while in the RWKV model, W is a channel-level vector that is modified
by relative positions. This recursive behavior in the RWKYV model is defined by the time-
dependent update of the WKV vector. To avoid potential degradation of W, a U vector is
introduced, which focuses solely on the current token.

The time-dependent update of the WKV vector is formalized by the following formula:

Zf %67 t 1— l)erkI @ ,U + €u+kt @ Ut

wkv; =
t= Zt %eft 1-i)w+k; 1 ptitke
i=

4)

The numerator represents the weighted sum of past and current key-value pairs.
The term Zf;} e~ (t=1=wtki & ¢ accumulates the contributions of previous tokens. Here,
e~ (t-1-Dwtki serves as a weight coefficient, determining the contribution degree of the
i-th previous token’s key-value pair (k;, v;) to the current wkv value. The exponential part
—(t — 1 —i)w encodes the relative position of the (i)-th previous token with respect to the
current token ¢, where w is the factor related to relative positions in the W vector. Intuitively,

for previous tokens farther from the current token, the value of the exponential part is more
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negative, meaning their impact on the current wkv value is relatively small. Conversely,
previous tokens closer to the current token have a greater impact.

The term ™% © v; calculates the contribution of the current token. The U vector,
through u in the exponent, provides a separate enhancement for the key-value pair (k, )
of the current token. This ensures that the model can focus more on the current informa-
tion and not be overwhelmed by historical information, thus striking a balance between
historical and current information.

The denominator 25;% e~ (t=1=Dwtki 4 otk normalizes the weighted sum in the nu-
merator. This normalization operation guarantees that the resulting wkv; value is a rea-
sonable weighted average of past and current key-value pairs. It is crucial for the stable
operation of the model, enabling the model to output relatively stable and comparable
results when processing sequence data of different lengths.

The attention mechanism in the RWKYV model can be expressed in a recursive form,
as shown in Figure 3. This recursive form endows the model with several advantages. It
allows the model to inherit the linear time complexity O(n) of linear Transformers, ensuring
high-speed computation when dealing with long-sequence data. Meanwhile, it retains
the simplicity of AFT, making the model’s structure and computational process relatively
straightforward. Through this recursive expression, the model improves its computational
efficiency while maintaining a strong expressive power in handling complex sequence
data. By this means, the RWKV model enhances its sensitivity and ability to capture key
information in sequence data while maintaining computational efficiency.

| Layer Norm ‘ S‘Y\“g | Layer Norm |

Layer Norm Layer Norm

Figure 3. Token shift processing of RWKV.

The RWKYV architecture represents a significant advancement in neural network design
by effectively integrating the strengths of Transformers and RNNs, thereby overcoming the
inherent limitations of each.

Unlike traditional RNNs, the RWKYV architecture not only preserves the performance
advantages of Transformer models but also enables more stable gradient propagation.
When compared with traditional Transformer models, the RWKYV architecture offers re-
markable improvements in computational efficiency. It reduces the time complexity from
O(n?) to O(n) and the space complexity from O(n? + n) to O(1), achieving constant
memory usage [16]. These optimizations endow the PCF-RWKYV model with enhanced
performance when handling long-sequence problems, such as data analysis.
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During the inference phase, both the computation time and memory requirements
of RWKYV grow linearly. This is in sharp contrast to the quadratic growth exhibited by
traditional Transformer models. The following Table 1 provides a clear comparison of the
inference complexity between RWKV and other models:

The linear growth in inference complexity of RWKV makes it a more efficient choice,
especially for applications that involve processing long-sequence data. This efficiency,
combined with its ability to inherit the beneficial aspects of both RNNs and Transformers,
positions the RWKYV architecture as a promising solution in the field of neural network
research and application.

Table 1. Comparison of inference complexity and memory requirements.

Model Inference Complexity Memory Requirement

Transformer O(T?d) O(T? + Td)

Reformer O(Tlog Td) O(Tlog T + Td)

Performer O(Td?logd) O(Tdlogd + d*logd)
O( O(

RWKV (This Model) Td) d)

3.2. Construction and Data Augmentation of the PCF-RWKYV Training Dataset

Despite large language models achieving excellent results in various benchmarks,
they lack the in-depth knowledge and data support specific to carbon footprint assess-
ment, preventing their direct application in this field. Therefore, customizing model
training with domain-specific data is crucial to enhance performance and accuracy in
carbon footprint evaluation.

The dataset for model training is formatted in JSON, comprising question inputs and
answer outputs, as shown in Figure 4.

"Input": "What is Life Cycle Assessment (LCA)?"
“Output": "LCA is a technique to assess environmental impacts associated with all the stages of a product's life from raw material extraction through materials processing, manufacture, distribu
b
{
“Input": "What are the steps in LCA?",
“Output": "The steps in LCA include goal and scope definition, inventory analysis, impact assessment, and interpretation."
b
{
"Input": "What is the goal of LCA?"
“Output": "The goal of LCA is to compare the full range of environmental effects assignable to products and services in order to improve processes, support policy and provide a sound basis for
+
{
“Input": “What is the difference between LCA and traditional environmental assessment methods?"
“Output": "LCA considers the entire life cycle of a product or process, from raw material extraction to end-of-life disposal or recycling, while traditional methods focus on a specific stage or
b
{
“Input": "How can LCA be used in decision-making?"
"Output": "LCA can be used to compare the environmental impacts of different products or processes, identify areas for improvement, and inform policy and investment decisions.’
I
{
“Input": "Please tell me the LCI of a telephone such as phone_7213?"
"Output": {
"RawMaterialAcquisition”: {
"Materials": [
{"Name": "LCD Screen","Quantity": "1","EnergyConsumption": "100 MJ","Emissions": "20 kg C02eq"}
nergyConsumption”: "50 M "1 "10 kg CO2eq"}
tity": “1","EnergyConsumptio missions": "40 kg C02eq"}
,"EnergyConsumption”: "30 MJ"," : "6 kg CO2eq"}
1
+
“Production”: {"EnergyConsumption": "50@ MJ","Emissions": "100 kg C02eq","WasteGenerated": "2 kg"}
"UsePhase": {
“EnergyConsumptionPerUse": "0.1 MJ",
"TotalUses": "2 years * 365 days/year * 24 hours/day = 17520 hours"
“TotalEnergyConsumption”: "17520 hours * 0.1 M1/hour = 1752 MJ"
“EmissionsPerUse": "0.01 kg CO2eq"
“TotalEmissions": "17520 hours * 0.01 kg C02eq/hour = 175.2 kg CO2eq"
3
"EndOfLife"s {
“RecyclingRate": "30%"
“EnergyRecovery": "50 MJ"
“EmissionsFromDisposal®: "15 kg CO2eq"
¥
i3
}

Figure 4. PCF-RWKYV training dataset example.

Currently, high-quality PCF datasets for carbon footprint evaluation are relatively
scarce. Synthetic data [22,23] is a common method for dataset construction when data is
insufficient. Large language models can generate consistent training data results based
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on their text comprehension capabilities across various file types. To address this issue, a
strategy combining large language model capabilities with human-in-the-loop feedback
supervision was employed for data synthesis and augmentation.

The process of training data synthesis and enhancement through large models and
human feedback is clearly illustrated in Figure 5. Initially, the publicly accessible academic
literature, industry standards, production data, and carbon footprint evaluation cases in the
dual-carbon field were extensively collected to form the initial seed datasets. These seed
datasets were input into large language models, and through carefully crafted prompts,
JSON datasets meeting the required training format and content were generated. Through-
out this process, manual sampling inspections were conducted to ensure the quality and
compliance of the generated data. Based on the inspection results, seed data and prompts
were iteratively optimized to improve the quality and coverage of data synthesis.

. Redundancy Assessment

Data Synthesis
LLM+Prompt Engineering

|:>

JSON Training DataSet )
[ T

( ] ) N
| Seed File Collection
. N
} Source: Academic Papers, Industry Standards, E<—[ Seed File Optimization ]
H PCF Assessment Cases !
| Format: PDF, TXT, PPT, DOCX, XLSX, SQLite3 §
| & J |
. x
a l Data Synthesis Prompt 5
] I e ~N Optimization I o
- Information Extraction i
% I Merging+Deduplication T I g
R :
€ File - C-STAR Assessment 8
@ Format Conversion P . e
© \ J 5 1. Coverage Assessment E g
® I ! 2. Standardization Assessment | [}
a 1 3. Timeliness Assessment ! °
I e N E; Accuracy Assessment E
\ i
/

€
s

Figure 5. Data synthesis and enhancement strategy based on large models and human feedback.

In this process, the C-STAR assessment mechanism was implemented to focus on
multi-dimensional data quality evaluation. C-STAR is a comprehensive evaluation frame-
work designed to ensure the integrity and utility of the synthesized data. It includes the
following dimensions:

1.  Coverage Assessment: Ensuring that the dataset encompasses all necessary knowl-
edge areas and application scenarios.

2. Standardization Assessment: Verifying the consistency and uniformity of data format
and content.

3. Timeliness Assessment: Checking the update frequency and real-time nature of the
data to ensure its current relevance.

4. Accuracy Assessment: Ensuring the correctness and reliability of the data, minimizing
errors and misleading information.

5. Redundancy Assessment: Identifying and eliminating duplicate data to enhance the
efficiency and compactness of the dataset.

Through a human feedback loop, data synthesis prompts and seed files are con-
tinuously optimized, improving the dataset’s quality. This strategy successfully con-
structed a PCF dataset rich in model Q&A training data, providing abundant resources for

model training.

3.3. Low-Rank Adaptation Training of the PCF-RWKV Model

Various techniques exist for training large language models. This study employs
the low-rank adaptation (LoRA) algorithm to train the large model in the PCF domain.
LoRA [24] (low-rank adaptation) is an efficient parameter tuning technique that reduces
the number of parameters to learn by constraining the update matrices to be low-rank.



Sustainability 2025, 17, 1321

10 of 27

This method leverages matrix factorization to decrease the parameter learning volume,
employs specific parameter initialization strategies and fine-tuning processes, freezes the
original weights, and trains only the low-rank matrices. The core of the LoRA algorithm
lies in optimizing the pre-trained model weights. By freezing the weights of the pre-trained
model and introducing trainable low-rank matrices to adjust model parameters, LoORA
significantly reduces the number of trainable parameters required for downstream tasks.
Specifically, this method decomposes the original weight matrix into the product of two
lower-rank matrices, where one matrix’s rank is much lower than the other, using only the
low-rank matrices for computation. This strategy not only reduces the number of model
parameters that need to be trained, improving training efficiency, but also maintains model
performance while avoiding increased inference latency.

As shown in Figure 6, The rank decomposition matrix is a critical component in the
LoRA framework, consisting of two linear projections designed to reduce and subsequently
restore the dimensionality of the input. This mechanism involves adding the output from
these projections to the output derived from the model’s pre-trained weights. The resulting
updated layer, formed by integrating these parallel transformations, effectively captures
and learns the necessary updates to the underlying layer’s weights. This approach enables
efficient adaptation of the model while maintaining computational efficiency.

Wit = Wpt + AW = Wpy + AB (5)
Wi, Wor, AW, AB € RY*4 (6)
AeR¥>, BeR™* 7)

The matrix product AB matches the dimensionality of a full fine-tuning update, yet
by decomposing the update into two smaller matrices, LORA ensures a low-rank structure
that significantly reduces the number of parameters requiring optimization. Rather than
fine-tuning all parameters in the pre-trained model layers, LoRA focuses exclusively on
optimizing the rank decomposition matrix. This approach approximates the effects of
full fine-tuning. Matrix A is initialized with small random values, while B is initialized
to zero, preserving the integrity of the model’s original pre-trained weights at the onset
of fine-tuning.

|
7 =y
B=0
Pretrained
Weights r
W € Raxd
A = N(0,0?9)

S P

x |

Figure 6. Low-rank adaptation schematic diagram.

Empirical evidence indicates that setting the LoRA rank r to match the rank of the
pre-trained weight matrices can effectively approximate the expressiveness of full fine-
tuning. Increasing the rank r enhances the accuracy of this approximation, allowing
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the low-rank adaptation to more closely mimic the updates achieved through full fine-
tuning. However, in practice, remarkably low values of r are often sufficient. This enables
substantial reductions in computational and memory demands while resulting in minimal
performance degradation. For instance, LoRA can fine-tune models such as GPT-3 using
merely 0.01% of the total parameters, all while maintaining performance levels comparable
to those achieved through full fine-tuning.

The core of the LoRA method is represented by the following equation:

o
Wi = Wpt + ?AB ®)

In Equation Wg = Wpt + £ AB, Wy, are the fine-tuned weights, Wy, are the pre-trained
weights, and AB is the low-rank update. A and B are low-rank matrices for task-specific
weight adjustments, and  normalizes the low-rank update’s impact.

The scaling factor « is key for integrating the low-rank update with pre-trained weights.
By default, « = 1, balancing the influence of pre-trained and updated weights. This balance
helps the model keep generalization while adapting to new tasks.

Furthermore, « can be adjusted. Empirical studies show larger a benefits models
with higher r. This adjustment improves LoRA’s adaptation ability, letting the model use
complex data relationships without full traditional fine-tuning costs.

The training environment was deployed on a cloud server equipped with an NVIDIA
A100 GPU with 40GB of VRAM (NVIDIA, Santa Clara, CA, USA). Training parameters
utilized the BFloat16 (bf16) data type, balancing computational precision with model
performance and memory usage efficiency. The context length was set to 512 to ensure
the model could adequately capture sequence information. Given the dataset size, 100
iterative steps per epoch were scheduled, starting from epoch 0 and planned up to epoch
500, with model states saved every 5 epochs for subsequent evaluation and analysis. The
Adam optimizer was used, configured with hyperparameters: Epsilon set to 1 x 108, Beta
1 at 0.9, and Beta 2 at 0.999, ensuring stability and efficiency in the optimization process.
To alleviate initial training instability, a learning rate warm-up strategy was implemented,
gradually increasing the learning rate over the first 1000 iterations. The initial learning rate
was set at 0.001, gradually decreasing to 1 x 107 for finer parameter adjustments.

Based on the meticulously synthesized dual-carbon dataset, the RWKYV architecture’s
dual-carbon base model was successfully trained, featuring 7 billion parameters capable
of smooth operation on consumer-grade single-GPU setups, demonstrating good overall
performance on the test set, with detailed test results to be presented in Section 4 of
the paper.

3.4. PCE-RWKV Multi-Agent Architecture Design

While the PCF-RWKYV base model provides an analytical understanding of carbon
accounting-related information, integrating the PCF-RWKYV large model into the prod-
uct carbon footprint evaluation workflow necessitates combining it with multi-agent
technology [25].

The PCE-RWKYV employs the Autogen framework [26] to construct a collaborative
agent network, breaking down various aspects of product carbon footprint accounting and
assigning tasks to different agents. Through cooperation among agents, efficient product
carbon footprint assessment support is achieved, as depicted in Figure 7.

The system comprises the following key agents:

1. LCIGeneration Agent: The LCI Generation Agent is responsible for creating the
life cycle inventory (LCI). This agent utilizes specialized knowledge extracted from
the PCF training dataset to transform abstract knowledge into a life cycle inventory
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specific to the user’s input product. It analyzes the material and energy flows across
all stages of the product’s lifecycle, constructing a detailed and accurate LCI to provide
a data model for carbon footprint quantification.

2. Activity Data Generation Agent: The Activity Data Generation Agent bases its opera-
tions on the LCI to generate activity data related to the product lifecycle. These data
include information on material and energy consumption, as well as waste generated
during production. By analyzing the activities of the product or semi-product at differ-
ent stages, the agent produces detailed data for each activity, laying the groundwork
for subsequent carbon footprint calculations.

3.  Emission Factor RAG Agent: The emission factor RAG agent employs search-enhanced
generation techniques to dynamically retrieve and generate applicable emission fac-
tors, drawing from an LCA document corpus and the latest research. It does not rely
on a fixed database but instead dynamically generates optimized emission factors to
ensure the accuracy of carbon footprint calculations.

4. PCF Calculation Agent: The PCF calculation agent combines activity data and emis-
sion factors to calculate the product’s carbon footprint. Using the formula “Product
Carbon Footprint = Emission Factor x Activity Data”, this agent performs calculations
and utilizes large language models (LLMs) to generate carbon footprint calcula-
tion programs tailored to the task’s characteristics. It precisely quantifies carbon
emissions at each stage of the product lifecycle, delivering reliable carbon footprint
calculation results.

cradle to gate
9 Raw S N [ ' System
. Manufacturing i Distribution —! Use — End-of-Life . Boundary

— User Materials
|

Multi-Agents PCF-RWKV

- &
| \ |
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Figure 7. PCF-RWKYV multi-agent architecture diagram.

In the LCA product carbon footprint analysis system, the agents collaborate metic-
ulously to achieve efficient and precise carbon footprint evaluations. Initially, the task
orchestration agent receives user input, utilizing natural language processing techniques to
refine task requirements. It then instructs the LCA knowledge base agent to retrieve the
relevant literature and research findings, providing theoretical support for subsequent steps.
The LCI generation agent, using user information and expert knowledge, analyzes the
material and energy flows throughout the product lifecycle to construct a comprehensive
life cycle inventory (LCI). Based on this, the activity data generation agent further analyzes
each stage’s activities, producing detailed data on material and energy consumption. The
emission factor RAG agent, employing search-enhanced generation techniques, dynami-
cally retrieves and generates applicable emission factors to ensure data accuracy. Finally,
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the PCF calculation agent combines activity data and emission factors, utilizing large lan-
guage models to generate carbon footprint calculation programs. It precisely quantifies
carbon emissions and feeds the results back to the task orchestration agent. This entire
process, driven by the automated collaboration of agents, enhances evaluation efficiency
and accuracy, providing a scientific basis for sustainable production and consumption.

4. Results
4.1. Model Evaluation for Product Carbon Footprint Assessment

Evaluating a model requires a comprehensive consideration of multiple aspects of its
capabilities. The core objective is to test and compare the model’s accuracy and execution
efficiency within the context of product carbon footprint assessment. Accuracy and execu-
tion efficiency each contributes 50 points, for a total score of 100 points, which is used to
measure the model’s suitability for the product carbon footprint evaluation scenario.

Regarding model accuracy, the evaluation is conducted through test questions by
comparing the model’s scores. The evaluation questions cover the entire lifecycle of a
product, from manufacturing to final disposal and recycling, ensuring the comprehensive-
ness of the assessment results. Due to the scarcity of carbon footprint-related test data,
a large model-based generation method similar to the training dataset was employed to
construct the test dataset. This method generated and screened 100 test questions cen-
tered around product carbon footprint evaluation as a benchmark. The questions are all
true/false, comprising 50 correct and 50 incorrect statements. The original data sources for
this test set include product carbon footprint evaluation cases from different industries and
production processes, as well as common knowledge related to carbon footprints. These
sources provide a basis for assessing the model’s capabilities in the context of product
carbon footprint evaluation.

For this evaluation, three metrics were selected to measure the model’s prediction
accuracy: precision, recall, and F1 score. Ultimately, the model’s score in the accuracy test
phase is determined by multiplying the F1 score by 50. These metrics are calculated based
on the confusion matrix, which records the relationship between the model’s predicted
results and the actual results. In the confusion matrix[27], true positives (TPs) refer to the
number of samples correctly predicted as positive by the model; true negatives (TNs) refer
to the number of samples correctly predicted as negative; false positives (FPs) refer to the
number of samples incorrectly predicted as positive; and false negatives (FNs) refer to the
number of samples incorrectly predicted as negative. The specific calculation methods are
as follows:

Recall: This metric is calculated by dividing the number of true positives by the sum
of true positives and false negatives (cases that actually occurred but were not predicted by

the model). The formula is:
TP

TP + FN

F1 Score: The F1 score is the harmonic mean of precision and recall, balancing the

Recall = )

two to provide a comprehensive performance metric. It offers a more balanced measure of
performance, particularly when there is a significant discrepancy between precision and
recall, thus avoiding the limitations of a single metric. The formula is:

Precision x Recall

F1 Score =2 x Precision + Recall (10)

where precision is calculated as:

TP

— 11
TP + FP (1)

Precision =
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In evaluating model execution efficiency, we focus on two key metrics: processing
time and resource consumption. Processing time is the average time for the model to
handle a sample or batch, reflecting its response speed. Resource consumption refers to the
model’s demand for CPU, GPU, and memory during operation. Lower resource-consuming
models are more adaptable across different computing devices, enhancing applicability.
We use fuzzy mathematics to score processing time and resource consumption. Resource
consumption is classified into five levels (very low, low, medium, high, and very high) with
scores of 5, 10, 15, 20, and 25, respectively. Similarly, processing time is divided into very
short, short, medium, long, and very long, also with scores from 5 to 25.

We compared the performance of several models: baseline RWKYV-7B, baseline PCF-
RWKV-7B, open-source Qwenl.5-7b-chat, RWKYV with agents, PCF-RWKYV with agents,
GPT-4, and GLM6B [28]. The results are in Table 2. During the assessment, we recorded
scores of various metrics on the test set using automated scripts and manual blind reviews.
Scripts logged processing time and resource consumption during runtime, and multiple
runs were done to get average values for fair and objective scoring.

In the evaluation of model performance for product carbon footprint assessment,
we conducted a systematic assessment of multiple models, analyzing their perfor-
mance in Table 2, Figure 8 across various dimensions, including efficiency, accuracy, and
overall score.

Firstly, in terms of efficiency score, the PCF-RWKYV (7B-Agent) achieved a score of
35.00, indicating moderate resource utilization efficiency, while the GPT-4 (base) scored
only 15.00, suggesting relatively poor utilization of computational resources. In contrast,
the RWKV-LoRA-LCI model scored 40.00, demonstrating good performance and high
efficiency in resource utilization. Both RWKV-LoRA-PCF and RWKV-LoRA-Plan also
achieved an efficiency score of 40.00, reflecting similar levels of efficiency. Overall, the
RWKV-LoRA series models generally outperformed GPT-4 (base) in terms of efficiency
scores, indicating their advantages in resource utilization and computational efficiency.
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Figure 8. Model evaluation result for product carbon footprint assessment. (1) GPT-4 leads in
accuracy score. (2) PCF-RWKYV 7B base has the highest efficiency score. (3) PCE-RWKYV 7B agent
ranks top in overall total score.
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Table 2. Model performance comparison.

Mode TP TN FP FN Recall Precision F1 Score Accuracy Process Time Memory Efficiency Total Score
Score Usage (GPU) Score
PCF-RWKV 26 28 22 24 0.52 0.54 0.53 26.53 medium low 35.00 61.53
7B-Agent
GPT-4 .
Base 43 42 8 7 0.86 0.84 0.85 42.57 long very high 15.00 57.57
PCE-RWKV 17 19 31 33 0.34 0.35 0.35 17.35 short low 40.00 57.35
7B-Base
RWKV
LoRA-LCI 12 8 42 38 0.24 0.22 0.23 11.54 short low 40.00 51.54
RWKV 14 13 37 36 0.28 0.27 0.28 13.86 medium low 35.00 48.86
7B-Agent
RWKV
LoRA-PCF 7 4 46 43 0.14 0.13 0.14 6.80 short low 40.00 46.80
RWKV
LoRA-Plan 6 5 45 44 0.12 0.12 0.12 5.94 short low 40.00 45.94
RWKV 6 4 46 44 0.12 0.12 0.12 5.88 short low 40.00 45.88
7B-Base
qwenl.> 9 3 47 41 0.18 0.16 017 8.49 long medium 25.00 33.49
14B-Base
GLM 4 5 45 46 0.08 0.08 0.08 4.04 1 I 25.00 29.04
6B-Base . . . . very long oW . .

The RWKV-LoRA-LCI, RWKV-LoRA-PCF and RWKV-LoRA-Plan models, based on PCE-RWKYV with partial activation, are used for ablation studies to evaluate component importance

in the PCE-RWKYV model.
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Regarding the accuracy score, the PCF-RWKYV (7B-Agent) scored 26.53, showing
moderate performance with room for improvement, while GPT-4 (base) achieved an ac-
curacy score of 42.57, indicating strong predictive capability in the task. In comparison,
the RWKV-LoRA-LCI model scored 11.54, reflecting significant deficiencies in accuracy.
The RWKV-LoRA-PCF and RWKV-LoRA-Plan models scored 6.80 and 5.94, respectively,
indicating further declines in performance under their configurations. This clearly shows
that GPT-4 (base) outperforms the RWKYV series models, particularly highlighting the
inadequacies of the RWKV-LoRA series in terms of accuracy.

In terms of total score, the PCF-RWKYV (7B-Agent) achieved a total score of 61.53,
indicating good performance and a favorable balance between efficiency and accuracy.
GPT-4 (base) scored 57.57; despite its high accuracy, its lower efficiency resulted in a total
score that did not surpass that of PCF-RWKYV. The RWKV-LoRA-LCI model had a total score
of 51.54, indicating average performance, while RWKV-LoRA-PCF and RWKV-LoRA-Plan
scored 46.80 and 45.94, respectively, reflecting their weaker overall capabilities.

From the perspective of ablation studies, the RWKV-LoRA-LCI, RWKV-LoRA-PCF,
and RWKV-LoRA-Plan models are based on the RWKV-7B-BASE model and are designed
to evaluate the importance of various components in the PCF-RWKYV model through partial
activation of different modules. When comparing these three models, RWKV-LoRA-LCI
stands out with a total score of 51.54, indicating its relative advantage in model performance.
Although its recall (0.24) and precision (0.22) metrics are moderate, RWKV-LoRA-LCI shows
better performance across various indicators compared to the other two models.

In contrast, RWKV-LoRA-PCF scored 46.80, and RWKV-LoRA-Plan scored 45.94, both
of which are lower than RWKV-LoRA-LCI, suggesting that they perform relatively worse
across all metrics. The analysis indicates that RWKV-LoRA-LCI has a more significant
impact on enhancing model performance in the ablation study, as its inclusion leads to
noticeable improvements in overall performance.

Despite RWKV-LoRA-LCI’s relatively strong performance in the ablation study, it
still has considerable room for improvement compared to high-performing models like
PCF-RWKV-7B-Agent and GPT-4-Base. This suggests that even with the introduction of
specific modules, the RWKV-LoRA series models have not yet reached optimal performance
levels. Future research should focus on further optimizing the activation strategies of these
modules to enhance the overall performance and practical application of the models.

4.2. Benchmark Comparison of PCF-RWKYV with General Large Language Models

To evaluate the PCF-RWKYV model’s general-scenario performance and find its
strengths and weaknesses, we conducted benchmark comparison experiments between
PCF-RWKYV and mainstream large models. This helps us understand PCF-RWKV’s charac-
teristics in multi-domain knowledge, math, and coding, supporting model optimization
and application expansion.

We used multiple authoritative benchmarks from natural language processing and
Al fields:

*  Massive Multitask Language Understanding (MMLU): Covers 57 domains. It uses
five-shot multiple-choice questions to test the model’s knowledge and reasoning
across different areas [29].

¢  HumanEval: Focuses on code generation. It gives Python(3.7) programming prob-
lems and requires zero-shot code generation, evaluating programming logic and
syntax [30].

¢  Grade School Math 8K (GSM8K): Assesses math reasoning with 8000 elementary-to-
middle-school-level problems. The model uses eight-shot examples and needs to solve
problems through logical reasoning.
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*  MATH: Deals with challenging math problems in algebra, geometry, etc. It provides
four-shot examples and requires complex math reasoning.

We followed strict testing procedures. First, we standardized input formats for all
models. For text-based questions and code-generation tasks, inputs were made consistent.
All test data were pre-processed to remove redundancy and correct errors.

Model outputs were scored by strict metrics. In MMLU, scores were based on answer
matching. In HumanEval, code functionality and syntax were checked; in GSM8K and
MATH, scores were determined by answer consistency.

Since many large models like GPT-4 are non-open-source and resource-intensive,
we used their official benchmark results [31-33]. These results are reliable and serve as
references for our comparison. For smaller-parameter models like PCE-RWKYV 7B, we
conducted local tests on a Supermicro SYS-7048GR-TR tower with four RTX 2080 Ti 22G
GPUs and two E5-2680V4 CPUs, in a stable software environment (PyTorch 2.0, Ubuntu
22.04 LTS). Each benchmark was run three times to reduce randomness, and average results
were used.

This setup uses official large-model results and conducts accurate local tests for small-
parameter models, enabling a comprehensive benchmark comparison between PCF-RWKV
and other mainstream large models.

In this benchmark evaluation of different models, an analysis of the data in Table 3,
Figures 9 and 10 provides a clear insight into the performance of each model across various
task scenarios.

Looking at the overall average scores, Claude3-Opus leads with a score of 81.93%,
demonstrating superior comprehensive performance. Following are Gemini 1.0 Ultra
(76.43%) and Gemini 1.5 Pro (76.00%). In contrast, smaller parameter models such as PCF-
RWKYV 7B and LLaMA2-7B have relatively lower average scores. Among these, PCF-RWKV
7B has the highest average score of 19.59%.

In the “MMLU 5-shot” test, which assesses the models” ability to understand and
reason across multiple domains, Claude3-Opus scores the highest at 86.80%. PCF-RWKV
7B, however, scores only 23.50%, a significant gap from the leading models. This is primarily
because PCF-RWKYV is trained specifically for PCF domain knowledge, which affects its
performance in general multi-domain knowledge tasks, leading to its poor performance in
this test.

Table 3. Benchmark evaluation results of different models.

HumanEval

Model MMLU 5-Shot 0-Shot GSMSK 8-Shot MATH 4-Shot AVERAGE
Claude3-Opus 86.80% 84.90% 95.00% 61.00% 81.93%
Claude3-Haiku 75.20% 75.90% 88.90% 40.90% 70.23%

Gemini 1.0 Ultra 83.70% 74.40% 94.40% 53.20% 76.43%
Claude3-Sonnet 79.00% 73.00% 92.30% 40.50% 71.20%
Gemini 1.5 Pro 81.90% 71.90% 91.70% 58.50% 76.00%
Gemini 1.0 Pro 71.80% 67.70% 86.50% 32.60% 64.65%
GPT-4 86.40% 67.00% 92.00% 52.90% 74.58%
GPT-3.5 70.00% 48.10% 57.10% 34.10% 52.33%
Qwen 1.5 14B 66.30% 32.30% 61.30% 24.80% 46.18%
PCEF-RWKYV 7B 23.50% 31.73% 17.83% 5.30% 19.59%
Qwen 1.5 7B 56.70% 24.40% 51.60% 11.60% 36.08%
RWKYV 7B 48.30% 13.54% 14.37% 4.30% 20.13%
LLaMA2-7B 46.80% 12.80% 16.70% 3.30% 19.90%
chatGLM2-6B 47.90% 10.87% 32.40% 6.50% 24.42%

The benchmarks of GPT, Claude, and Gemini are from the official published results.
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Figure 9. Benchmark evaluation (bar chart). (1) On HumanEval, PCF-RWKYV outperforms other small-
parameter models. (2) In mathematical benchmarks, PCE-RWKYV shows improvements compared to
RWKV. (3) PCF-RWKYV performance on multi-domain benchmarks like MMLU declines.
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Figure 10. Benchmark evaluation (radar chart). (1) On HumanEval, PCF-RWKYV outperforms
other small-parameter models. (2) In mathematical benchmarks, PCF-RWKYV shows improvements
compared to RWKYV. (3) PCF-RWKYV performance on multi-domain benchmarks like MMLU declines.

For the “HumanEval 0-shot” code generation test, Claude3-Opus again performs well
with a score of 84.90%. PCF-RWKYV 7B achieves a score of 31.73%, a notable improvement
over RWKYV 7B’s 13.54%. This indicates the optimization of PCF-RWKYV in code generation
capabilities. Although it still lags behind the top models, it has made significant progress
in understanding programming logic and syntax compared to RWKV 7B.

Focusing on the “GSMS8K 8-shot” mathematical reasoning test, which covers math
problems from elementary to middle school levels, Claude3-Opus scores the highest at
95.00%. PCE-RWKYV 7B scores 17.83%, which, while not high, is an improvement over
RWKYV 7B’s 14.37%. This suggests that training for the PCF domain has to some extent
enhanced its mathematical reasoning abilities.

In the “MATH 4-shot” test, which focuses on solving advanced math problems,
Claude3-Opus scores 61.00%, still at a high level. PCE-RWKYV 7B scores only 5.30%, but
this is a slight improvement over RWKV 7B’s 4.30% in handling complex math problems.

In summary, PCF-RWKYV 7B, trained specifically for the PCF domain, falls short in gen-
eral capabilities compared to mainstream large models. However, it shows a proportional
improvement in mathematical and coding abilities compared to RWKYV 7B, demonstrat-
ing the effectiveness of domain-specific training. Future work could focus on optimizing
general capabilities while maintaining domain-specific advantages to enhance its compre-
hensive performance across multiple scenarios.
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5. Discussion
5.1. Comparison with Similar Works in the PCF Assessment Field

Accurately and efficiently estimating the carbon footprint of products is essential for
reducing carbon emissions and mitigating climate change. Such efforts are integral to global
strategies addressing environmental degradation and global warming. Leveraging large
language models (LLMs) for this task offers significant potential due to their advanced ca-
pabilities in processing complex data and generating reliable predictions. Deng et al. (2023)
proposed an innovative framework, AutoPCF [10], which automates the accounting of
product carbon footprints (PCF) using LLMs. This framework was tested across five LLMs
to simulate the product lifecycle from cradle-to-gate and generate input-output inventory
data. By analyzing the carbon footprints of three case products, the study demonstrated
that AutoPCF significantly reduces modeling time from days to minutes, enabling rapid
and automated PCF estimation.

To compare with Deng’s AutoPCF [10], we conducted the same tests on PCF-RWKYV,
focusing on its lifecycle inventory (LCI) analysis capabilities and the accuracy of product
carbon footprint estimation.

To evaluate the performance of inventory analysis based on large language models
(LLMs) compared to expert processes, we adopted the ROUGE method and defined three
metrics: precision, recall, and F1 score. Precision is defined as the proportion of correctly
retrieved instances among all retrieved instances (where an “instance” refers to an item in
the inventory, such as coke, pig iron, oxygen, etc.). Recall is the ratio of correctly retrieved
instances to the total number of correct instances. The F1 score, as the harmonic mean of
precision and recall, measures the overall performance of the model.

For comparison with the previous work AutoPCF, we selected the same three products
as our main test cases: hot-rolled round steel, textile dyeing and printing, and lithium iron
phosphate battery production processes and activity inventory generation. By reviewing
other literature on the carbon footprint estimation of these three products (hot-rolled round
steel [34], dyed fabrics [35,36], lithium iron phosphate battery [37-42]), and based on expert
models, we determined the estimated median and uncertainty range to evaluate the error
and uncertainty of AutoPCF results.

In this study, we compared the performance of three models—PCF-RWKYV, GPT-4, and
GLM-6B—in production process modeling and activity inventory generation (with GPT-4
and GLM-6B experimental data sourced from the AutoPCF paper [10]). The results are
shown in Figure 11. Here are the detailed comparison results:

In the production process modeling task, PCF-RWKYV achieved an average F1 score
of 0.60, higher than GPT-4’s 0.53 and GLM-6B’s 0.37, indicating a better balance between
accuracy and recall. Specifically, the PCF-RWKYV model achieved a precision of 58%,
surpassing GPT-4’s 56%, with a recall of 75%, slightly above GPT-4’s 72%. This suggests
that the PCF-RWKYV model is more precise in generating product production processes. In
contrast, GLM-6B’s precision and recall were 49% and 30%, respectively, significantly lower
than the other two models, indicating suboptimal performance in the production process
modeling task.

In the activity inventory generation task, the PCF-RWKYV model achieved a precision
of over 61%, a recall of over 35%, and an F1 score of over 0.41, particularly in dyeing and
printing inventory modeling, where the F1 score reached 0.55, slightly higher than GPT-4’s
0.50. This result further confirms the superior performance of the PCE-RWKYV model in
activity inventory generation tasks. In contrast, GLM-6B performed relatively poorly across
all three metrics, especially in the hot-rolled round steel activity inventory modeling, with
an F1 score of only 0.1, far below both GPT-4 and PCF-RWKYV models.
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Figure 11. Performance comparison in life cycle inventory analysis. Performance is evaluated by

three metrics: Precision (P), Recall (R), and F1 score (F1), ranging from 0 to 1, with 1 being the best
and 0 the worst compared to the expert-based process.

The PCF-RWKYV model, due to its RNN structure advantage, demonstrates higher
resource utilization efficiency and faster processing speed when handling long-sequence
data. This characteristic is particularly important on large-scale datasets as it can signifi-
cantly reduce model training and inference time. While GPT-4 has shown improvements in
performance, it may not match the PCE-RWKYV model in resource utilization and processing
speed. GLM-6B performs better than GPT-4 in resource utilization and processing speed
but still falls short of PCE-RWKV.

In product carbon footprint (PCF) accounting, the initial step is to decompose the
product lifecycle’s production processes to obtain each process’s inputs, energy usage, and
outputs. The greenhouse gas (GHG) emissions for each process can be calculated using the
following formula:

Es =) (ADy x EFy) (12)

where E; represents the GHG emissions of process s; AD and EFy are the activity data and
the corresponding GHG emission factor of activity f, such as raw material inputs or energy
consumption [43].

The estimation effectiveness of the AutoPCF model is measured against the expert-
based results by error (Equation (13)) and adjusted coefficient of variation (adjusted CV,
Equation (14)):
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adjusted CV = %

error —

1—

PCFexpert—hased

PCFaytopcE (13)

, Q1-15xIQR<x; <Q3+15xIQR  (14)

where ¢ is the sample standard deviation, y is the sample mean, x; is the i-th observation,

X is the sample mean, 7 is the number of samples, Q1 is the first quartile, Q3 is the third
quartile, and IQR = Q3 — Q1.
Using the production processes and activity inventories generated by the three models,

model-generated activity data (inputs and outputs for each process) were used to estimate

the carbon footprints of the three products. Each model’s estimation process was repeated

20 times to evaluate the stability of the predictions, and their medians and ranges were com-

pared with expert-based model results. The experimental results are shown in Figure 12,
with GPT-4 and GLM6B test data referenced from the paper AutoPCF [10].
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Figure 12. Carbon footprint estimation of selected products. Hot rolled round steel, printed and dyed

fabric, and lithium iron phosphate battery.

The experimental results show that the GLM-6B model’s average error is 57%, which

is relatively low among the three models. The GPT-4 model’s average error is 117%; this
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higher error might relate to GPT-4’s generalization capabilities in specific tasks. Although
GPT-4 is a powerful language model, its performance on the specific task of product
carbon footprint estimation may not meet expectations due to the quality of training data
and model generalization limitations. The GLM-6B model shows better stability, but the
carbon footprint data it generates is biased low, also differing from expert predictions. The
PCF-RWKYV model’s average error is 73%, slightly higher than the GLM-6B model.
Although the PCF-RWKYV model’s average error is slightly higher than the GLM-6B
model, its efficiency and stability in handling long-sequence data, along with its linearly
growing computational and memory demands, theoretically give it potential advantages
over the GLM-6B and GPT-4 models. These characteristics of the RWKV model make it bet-
ter suited to adapt and scale in practical applications, especially under resource constraints,
which is a critical consideration for scalability and cost-effectiveness in real-world appli-
cations. Therefore, we can reasonably expect the PCF-RWKYV model to perform slightly
better than the aforementioned two models in practical applications, particularly when
dealing with large-scale and complex product carbon footprint estimation tasks. Despite
not having the lowest error, the PCF-RWKYV model’s overall performance and potential
application advantages make it a promising model for further study and application.

5.2. Model Performance Improvement and Loss of Generalizability

We extract the test results of PCF-RWKYV before and after training from the Section 4
and create Figures 13 and 14.

As shown in Figure 13, the PCF-RWKV model has demonstrated notable improvement
in product carbon footprint (PCF) assessment, attributed to three key factors. First, it
employs the RWKYV architecture with linear computational complexity, which is highly
effective in handling long-sequence data. Second, it uses three task-specialized low-rank
adaptation (LoRA) heads for domain-specific training. This reduces data interference and
memory waste. Third, it incorporates multi-agent technology, enabling more efficient and
accurate PCF accounting.

Accuracy Score
7000

— PCF-RWKV-7B-Agent
GPT-4-base

— RWKV-7B-base

— GLM-6B-base

Total Score Efficiency Score

Figure 13. Comparison of performance and generalization before and after training (1).

However, the PCF-RWKYV model’s optimizations for product carbon footprint (PCF)
assessment have caused a significant loss of generalizability. As shown in Figure 14, its
performance on the Massive Multitask Language Understanding (MMLU) benchmark has
dropped greatly. Before PCF-related training, RWKYV architecture scored 48.3% on MMLU,
but after training, PCE-RWKYV 7B’s score in the MMLU 5-shot test decreased to 23.50%, far
lower than Claude3-Opus’s 86.80%. This shows that specialized PCF training has seriously
affected its performance in broader knowledge domains.
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Figure 14. Comparison of performance and generalization before and after training (2).

For small-parameter models, fine-tuning for a specific domain like PCF assessment
will impact generalizability. Although we will optimize training datasets and methods,
currently, this sacrifice is acceptable to boost the model’s PCF-assessment capabilities.

The generalizability problem is rooted in the model’s training focus. It highly centers
on PCF-related knowledge during training. Intensive training on PCF-specific datasets and
using task-specialized LoRA heads make the model overly sensitive to PCF assessment,
lacking the ability to answer questions outside this domain, such as those in MMLU’s
history or the literature parts.

To maintain high PCF-domain precision while solving this issue, future research
should focus on enhancing the model’s general knowledge.

Data-related improvements are essential. Data augmentation techniques like synthesis
and noise injection can diversify training data, and integrating data from related fields into
PCF assessment training can provide a more comprehensive knowledge base.

Model structure optimization is also crucial. Regularization methods like L2 regular-
ization and Dropout can prevent overfitting, and a multi-task learning framework can help
the model learn PCF assessment and other relevant tasks simultaneously, enhancing its
general knowledge and generalization ability.

Multi-modal learning offers new potential. Integrating text, images, and tables al-
lows the model to view PCF assessment from different perspectives, improving both
generalization and precision. Cross-modal transfer learning can further expand the
model’s capabilities.

Model evaluation and optimization are continuous. A dynamic evaluation mechanism
is needed to monitor performance in real time and adjust the model promptly. Model
compression techniques can reduce complexity and improve generalization, especially in
resource-constrained environments.

Through comprehensive exploration of these directions, the PCF-RWKYV model can
potentially enhance generalization while maintaining high PCF-assessment precision, ex-
panding its application scope and contributing to related research fields.

5.3. Practical Applications and Cross-Industry Adaptability

The PCF-RWKYV model holds great potential in practical applications across various
industries. In manufacturing, its accurate PCF assessment can help companies identify
high-carbon-emission production processes. For example, in automotive manufacturing,
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precise carbon footprint calculation for component production allows manufacturers to
optimize energy use in metal-smelting or select greener raw materials, reducing emissions
and meeting environmental regulations and consumer demands. Precise PCF assessment
guides industries to cut emissions, contributing to global climate-change efforts. In the
industrial field, with stricter carbon regulations and growing corporate social responsibility,
companies using the model to optimize their carbon footprints can gain a market edge.
The model’s linear computational complexity makes it suitable for large-scale industrial
applications. In industries with complex supply chains like electronics, it can handle
large-volume data related to component production, transportation, and use, and assess
entire product portfolios” carbon footprints. In the energy industry, it can evaluate differ-
ent energy-generation methods’ carbon footprints, supporting the shift to a low-carbon
energy system.

However, to fully realize its cross-industry adaptability, the model needs improvement.
Integrating data from multiple industries is key. Different industries have distinct carbon-
emission patterns despite similar basic calculation principles. Developing industry-specific
modules, tailored to each industry’s unique features, could be a solution. Also, continuous
knowledge transfer and adaptation are essential. As industries evolve, the model should
be updated by retraining with the latest relevant data.

6. Conclusions

This paper introduces a novel large-scale model for product carbon footprint assess-
ment, PCF-RWKY, based on the innovative RWKYV architecture. The model aims to address
challenges faced by traditional lifecycle assessment methods, such as the subjectivity in
defining product boundaries and the time-consuming nature of constructing lifecycle inven-
tories. The PCF-RWKYV model integrates multiple stacked residual blocks and task-specific
LoRA heads and is trained using low-rank adaptive techniques on a product carbon foot-
print assessment knowledge dataset. With 7 billion parameters, the model can be efficiently
deployed on consumer-grade single GPUs, ensuring enterprise data security. By incorpo-
rating multi-agent technology, PCF-RWKYV can automatically generate models of product
production processes, raw material energy usage, and waste emissions, construct lifecycle
models, and calculate carbon footprints, providing enterprises with an efficient and secure
carbon footprint assessment solution.

The highlights of the PCF-RWKYV model lie in its innovative architecture and training
methodology, which offer significant advantages in assessment efficiency and resource con-
sumption. Compared to existing technologies, PCF-RWKYV demonstrates higher resource
utilization efficiency and faster processing speed when handling long sequence data, which
is particularly important for large-scale datasets as it significantly reduces model training
and inference time. Additionally, the PCF-RWKYV model exhibits better balance in product
carbon footprint assessment tasks than existing models, especially in terms of recall and F1
scores, indicating its precision in generating product production processes.

Despite the significant advantages of the PCF-RWKYV model in evaluation efficiency
and resource consumption, this study also has certain limitations. Firstly, the scale and
diversity of the training dataset might limit the model’s accuracy in specific scenarios.
Secondly, the impact of the multi-agent architecture on the model’s operational speed
requires further research and optimization to ensure responsiveness and efficiency in
practical applications.

Future research directions could expand into the following areas: first, increasing the
scale and coverage of the dataset to enhance the model’s generalization capability and ac-
curacy. Second, exploring the model’s applicability across different industries and product
types and developing corresponding adjustment strategies to meet the specific needs of
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various fields. Additionally, further optimization of agent technology is needed to improve
the model’s operational efficiency. Finally, considering the model’s interpretability and
transparency, future work could focus on enhancing the model’s explanatory capabilities
to help enterprises better understand and trust the assessment results. Through these
efforts, the PCF-RWKYV model is expected to play a greater role in the field of product
carbon footprint assessment, providing robust technical support for enterprises to achieve
sustainable development goals.
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