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1 INTRODUCTION

The development and use of Al models is an increasingly complex ecosystem with multiple soft-
ware and hardware components deployed over several stages, each with non-negligible environmen-
tal costs that contribute to total carbon emissions and environmental impact (Gupta et al.| [2021).
As these machine Al models have grown in scale, so have the energy demands and the resulting
environmental impact of development and deployment (Strubell et al., 2020; Luccioni et al., [ 2024)).

The pursuit of improved model capabilities has resulted in rapid scaling of model training and in-
ference, while neglecting the environmental consequences — carbon emissions from internet and
communication technologies growing at rates that far exceed those of other sectors (Knowles et al.,
2022). To support the scale necessary for the industrial development of large machine learning
models, government and industry institutions put forward large capital expenditure on data cen-
ter hardware, and energy infrastructure to support large-scale computing facilities (Parashar et al.,
2023). These investments yield commensurate increases in the energy demand, water use, associ-
ated carbon emissions costs as the increased scale, prevalence, and accessibility of machine learning
models produces higher utilization; with projections estimating that data centers will consume be-
tween 9.1% and 11.7% of the total US energy demand by 2030 (Aljbour et al.||2024); and up to 6.6
billion cubic meters of water worldwide by 2027 (L1 et al., 2022).

In response, recent research in efficient machine learning and Green Al has proposed interventions
aimed at reducing the environmental resource consumption of machine learning (Schwartz et al.,
2020). Additionally, various tools and frameworks have facilitated reporting and measurement of
metrics related to efficiency and environmental impact, and it is increasingly common for institutions
developing models to report the energy cost of the final training run of large models (Zhang et al.,
2022; Dubey et al.,|2024)).

Unfortunately, total operational costs of development and inference deployment remain poorly char-
acterized. Existing efficiency research remains siloed and modular, and sector-wide projections are
insufficient in granularity to fully characterize the growing environmental impact of the development
and deployment of individual machine learning models. In order to account for the environmental
impact over the full life of a model it is necessary to account for both the embodied emissions from
the manufacture of computing hardware and construction of facilities, and the operational emissions
over all stages of development and deployment of models.

To provide a comprehensive understanding of the environmental impacts of machine learning devel-
opment and deployment, we propose applying life cycle assessment to analyze multi-stage training
and inference with state-of-the-art large language models.

2 PROPOSAL: LARGE LANGUAGE MODEL LIFE CYCLE ANALYSIS

We propose applying life cycle assessment LCA, a commonly used methodology in environmental
ecology (Curran, [1996; [2006) to analyze the development and deployment life cycle of machine
learning models; specifically, the life cycle of large language models. In life cycle assessment, the
life of a product or model is decomposed into component stages over the course of its manufacture,
use, and construction to estimate the total impact of aggregation over its full lifetime.



For machine learning models, this includes the embodied carbon from manufacture of hardware and
construction of data centers; and the operational carbon emitted due to energy used during the de-
velopment and deployment of models. Although previous work characterizing stages of the model
life cycle (Wu et al.| 2022} [Morrison et al., [2025; [Luccioni et al., [2023;2024) provides insight into
individual portions of the model life training and inference life cycle, they are not reflective of mod-
ern language model development pipelines which have grown in complexity to include multistage
pre- and post-training, sometimes with additional specific domain adaptation; as well as inference-
time methods with greater computational intensity than traditional inference (e.g. chain-of-thought
reasoning and in-context learning).

We will conduct this research in two phases: (1) empirical benchmarking of the operational carbon
from previously unstudied stages of the model life cycle; (2) investigation of the tradeoffs between
shifting computational load and environmental impact between stages.

2.1 PHASE 1: METHODS FOR MODEL LIFE CYCLE ANALYSIS

Ve N

We begin by providing proposals to character- D el D CErE ‘

ize the energy requirements of machine learn-
ing use in development and deployment set- ,
tings; we then characterize the enmergy use [~~~ TTTU7N SToToT oo ’
across stages of the machine learning life cycle | 1 } \ @
and the corresponding hardware platforms. | e Y \

. . | L Ex;;irtli?n P’ Manufacture Hb Mailr:(s;znce Fbt End of Life
In contrast to prior work that solely studies | )\ )\ y y
machine learning energy use as attributed to | ¢ & ocae <
GPU power draw, we will measure the power L __________ O |
draw for hardware components required in ma-
chine learning systems (i.e. across GPU hard- Figure 1: Stages of Language Model Life Cycle As-
ware accelerator, CPU, and memory). We sessment. Growing in complexity over time, the use
will then quantify the carbon dioxide equivalent ~stage of machine learning models has grown to include
emissions and energy consumption on a per- Many components which each contribute to overall op-
Component basis. erational emissions.

Pretraining — Post-Training — RL Alignment — Inference

Next, we define a set of common settings for training development and inference deployment based
on the best practices of modern open language models (Lambert et al., 2024} Dubey et al., [2024)
to analyze as stages in life cycle assessment. Specifically, we apply our described energy mea-
surements to conduct an expanded study in the pre-training, instruction tuning post-training, and
reinforcement learning stages of language model development (see Figure [T). To model representa-
tive inference settings, we will estimate the expected serving loads for production language models
performing offline and online serving with variable sequence lengths and batch sizes; and apply
our described energy assessments to establish projections for the environmental impact of deploy-
ment. To understand the impacts of hardware and software design choices at each stage, we will
examine representative software frameworks and inference engines (e.g. PyTorch, vLLM) as well
as datacenter and workstation accelerator hardware (e.g. A6000, A100 GPUs) for both training and
inference.

Based on the measured power use and carbon equivalents at each use stage, we will determine total
operational carbon by aggregating across each stage of development and deployment; and determine
the total carbon by accounting for the embodied carbon using approximations established in (Wu
et al.,[2022; |Luccioni et al., [2023} |Gupta et al., [2021)).

2.2 PHASE 2: UNDERSTANDING TRADE-OFFS AND INTERDEPENDENCE

Beyond thorough accounting, we posit that life cycle analysis allows for improved understanding
of the interactions and trade-offs between different stages of the machine learning life cycle. We
will use the energy accounting described in §2.1|to understand the absolute costs of different stages,
and characterize their relative interactions via breakeven points; to determine the best allocation of
resources across stages.

Pre-train, then fine-tune The modern paradigm of “pre-train then fine-tune,” refers to a prac-
tice where a single organization pre-trains a large model with a self-supervised learning objective



and the model is subsequently fine-tuned many times using less compute for many downstream
use cases. This relies on an assumption that the large upfront costs of building the pre-trained
model are made worthwhile by the resulting reduction in costs of subsequent downstream adap-
tation. This brings with it notions of “breakeven” points. One natural consideration is the point at
which total cost savings in fine-tuning reach the initial cost of pre-training: cost (PT|rand_init) =
> icpr cost(FTi|rand_init) — cost (FT;|PT).

In practice, it is difficult to empirically quantify cost (F'T;|rand_init), especially as it is commonly
assumed that cost (FT;|PT) << cost(FT;|rand-init), and it is commonly assumed that the
condition is met fairly quickly. A different, more measurable notion of breakeven point is sometimes
considered: cost(PT|rand-init) = . pp cost(FT;|PT). In this version, the total costs of
fine-tuning meet the costs of pre-training, which may be interpreted as a signal of the pre-training
cost being “worth” it, but, considered in aggregate over multiple models, can also be a way to
quantify the relative computational demands of pre-training and fine-tuning over time. We propose
to conduct a survey on self-supervised autoregressive pretraining versus fine-tuning breakeven points
to determine the energy efficiency and effectiveness of additional pretraining as opposed to fine-
tuning under a fixed energy or compute budget.

Train-time vs. inference-time compute Efficiency in Al systems is often considered under a per-
formance constraint (e.g. a desired accuracy), whether in the form of an explicit trade-off between
efficiency and accuracy or a fixed required accuracy level constraining the space of feasible effi-
ciency interventions. Thus, in practice, increased computation performed at one stage of the model
life cycle may decrease computational work needed at another stage, or vice versa. Concretely, su-
pervised fine-tuning (SFT) or reward modeling can be used in post-training of language models to
achieve desired behavior or performance on a specific task or general interactions between model
and users. However, it is also possible in many cases to achieve desired behavior through prompting
(e.g. “<paragraph to summarize>. tl;dr:” orin-contextlearning (ICL: e.g. prepend-
ing eight examples of text style transfer to the example(s) we want to perform style transfer on). We
propose an empirical study of explicit post-training, prompting, and in-context learning to determine
their relative energy requirements and to determine breakeven points as before; in this context: e.g.
cost(SFT|PT) =3 ,ciyp COSEt(INF|PT) =3, ;nypcost(INF|SFT).

Alternatively, post-training can also be leveraged to induce behaviors that increase inference-time
compute such as with additional generated tokens in “chain-of-thought reasoning” (Xu et al.| [2025).
We propose an analysis of the post-training and inference-time compute energy costs, across both
the upfront post-training cost and the additional marginal cost of inference incurred over inference-
time use from longer generations. Analysis will consider measured and projected demand, increases
or lack thereof in generation quality, and operational inference-time costs incurred over a model life
cycle.

3 METHODOLOGY

As described in §2] we plan to conduct a fine-grained life cycle assessment of large language models.
Specifically, we will examine the OLMo and Llama families of transformer decoder-only models
(OLMo et al., [2024; |Dubey et al., 2024) as popular open-source models representative of modern
large language models. Additionally, we will consider reasoning models such as from the DeepSeek
R1 family (DeepSeek-Al et al.,|2025)) along with their non-reasoning variants.

For direct measures of environmental resource use, we focus on energy use by compute hardware
and carbon dioxide emission equivalents (CO2e). We will estimate the energy utilization with Code-
Carbon framework (Courty et al., |2024), which leverages Nvidia Management Library and Intel
Running Average Power Limit to measure GPU, CPU, and RAM energy use.

For executing the pre-training versus finetune experiments in §2.2] we will impose fixed total com-
pute for pretraining and finetuning; and investigate the performance of finetuning OLMo models
from released intermediate pretraining checkpoints. To investigate the trade-offs between train-time
and inference-time compute, we will examine a variety of popular NLP datasets for performing task-
specific (e.g. IMDB; Maas et al.|(2011)) supervised finetuning, instruction tuning (Lambert et al.,
2023)), and make empirical cost comparisons with in-context learning (Brown et al., 2020).



4 EXPECTED OUTCOMES

Performing LCA of ML models enables evaluation of the complete environmental costs associated
with both development and deployment of machine learning models. Such insights can provide
policy makers and institutions with information to guide regulation and decisions around the use
of machine learning models. Furthermore, we expect that accurate decomposition of the machine
learning life cycle use can provide a basis for reasoning about the effects of tradeoffs between al-
locating computational resources across different stages; and for evaluating the impact of efficiency
improvements in a single stage on the environmental impact of a model’s overall life cycle.
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