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Abstract

This paper presents the transparent screening framework used in ImpactLLM to estimate inference
and training impacts for current large language models. It documents the algorithms that convert
natural-language application descriptions into bounded environmental estimates, and it also reports
the comparative tables and visual results published in the observatory. The objective is not to claim
direct measurement for opaque proprietary services, but to provide an auditable, source-linked proxy
framework that improves comparability and public discussion under conditions of limited observability.
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1 Introduction

This paper documents the transparent screening framework used in the ImpactLLM Observatory. The
observatory now covers 40 models, and this manuscript explains how the interface extracts scenarios
from natural-language descriptions, propagates them through bounded multi-factor screening proxies, and
publishes the resulting comparative tables and figures. The goal is to keep those proxies auditable while
keeping the application workflow fast and interpretable.

The remainder of this paper covers the technical design of the inference estimator, the training proxy,
the comparative outputs currently exposed in the observatory, and the limits of those assumptions.

The methodological premise is straightforward. For the dominant hosted LLM services, direct provider-
side environmental telemetry is generally unavailable, even though those systems dominate practical use
and public debate. In that context, avoiding approximation altogether does not produce a more rigorous
discussion; it leaves room for opaque claims, unsupported comparisons, and contradictory numerical
narratives. The role of the present paper is therefore not to claim direct measurement where none exists,
but to define a bounded, source-linked, inspectable proxy framework that is methodologically preferable
to unverifiable assertions.

2 Inference Screening Method

The main practical question addressed by the tool is straightforward: given a software feature using
an LLM, can we produce an inference estimate that is useful for screening and comparison when direct
provider telemetry is absent?

The current answer is deliberately limited. The estimator is inference-only. It excludes model training,
embodied impacts, application-side software consumption, and ancillary infrastructure from the displayed
result. This is not because those dimensions are unimportant, but because the available inference anchors
are structured enough to support a transparent screening method, whereas mixing them with broader
lifecycle terms would blur the meaning of the result.

The design objective is also practical speed. Instead of asking users to fill a large technical form,
the web interface starts from a natural-language description such as “We use GPT-40-mini for customer
support, around 4,000 uses per month in France.” A parser then maps this text to a compact scenario
with model, request type, approximate tokens, usage volume, and country assumptions. The output is
therefore fast to obtain, but every inferred parameter remains visible to the user and can be inspected or
challenged.

The current market-model release follows five rules.

e It starts from an observed literature anchor rather than from provider claims. The retained
prompt-energy anchor is the Gemini Apps median prompt energy reported by Elsworth et al.: 0.24
Wh/prompt [8].



o It makes token volume explicit. Prompt compute is approximated from input and output tokens,
with a larger weight for output generation than for input processing.

e It does not scale on raw parameters alone. It constructs effective active parameters by adjusting the
target profile with context-window class, serving mode, modality support, and architecture notes.

e It reports a bounded low-central-high interval rather than a single falsely precise point.

e It derives carbon from retained energy and the electricity mix of the retained country, which is a
contextual assumption rather than a model measurement.

Formally, let E, = 0.24 Wh be the anchor value and P, = 180 the active-parameter proxy retained
for the anchor model. For a target model ¢, let P; denote active parameters, T;, input tokens, and Ty,
output tokens. We define weighted prompt-compute volume:

Vi = Tin + wlout, (1)
with w = 1.8 in the current release. The project reference scenario is:
Vrer = 1000 + 1.8 x 550 = 1990. (2)
Effective active parameters are then defined by:
Pl = P B x B < Bt x FEeh, 3)

where s € {low, central, high} indexes the screening scenario. The final per-request energy estimate is:
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The current implementation uses a;jo, = 0.85, qcentral = 0.95, apign = 1.05, and Biow = 0.85, Beentral =
0.92, Brignh = 1.0. Carbon is then derived from the retained country mix:
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where C1I, is the carbon intensity of country ¢ in gCOze/kWh.

This method is not presented as a physical law of inference scaling. It is a traceable screening proxy
anchored in observed prompt energy and explicit contextual assumptions. Its purpose is to provide a
fast and inspectable estimate for comparative reasoning, not an audited declaration of real provider-side
energy use.

x C1,, (5)

3 Training Screening Method

The observatory also exposes training orders of magnitude for current market models. Here the uncertainty
is even higher than for inference because published values are sparse, heterogeneous, and often reported
only as aggregate emissions. A pure parameter-only scaling is therefore too brittle. The current release
instead uses a second bounded proxy that combines retained parameter count with additional training
priors.

The training proxy starts from literature anchors that directly report training COse, and from training-
energy reconstructions derived from those emissions when the source-country electricity mix is documented.
For a target model ¢, the central training estimate is:

v : P\ [ Tok\"™
Y (1) L e .
where P, is the retained parameter count, Tok; is a training-token prior, F"Y is a training-regime prior,
Farch=tr captures architecture and multimodality assumptions, and F™ is a hardware-class proxy. The
current release uses a simple prior of 20 training tokens per retained parameter when no better public
estimate is available, and defaults market models to a foundation-pretraining regime unless a narrower
public indication exists.

This second proxy is not used in the application estimator shown to users, which remains inference-only.
It is used in the observatory and the comparative tables to avoid suggesting that training impacts can be
projected from parameter count alone. The result should still be read as a screening order of magnitude
rather than as an audited declaration of model-development impact.



4 Results and Comparative Outputs

The public observatory standardizes model comparison under one hour of active use corresponding to 1,000
input tokens, 550 output tokens, one LLM request per interaction, and approximately 34.6 interactions
per hour, derived from a reading-speed convention [3]. The underlying dataset and derived tables were
refreshed for the March 2026 release, so the published values mirror the recalculated inference and training
columns for the expanded market-model catalog. This provides a common comparison space before
application-specific annualization.

Table 1 summarizes a few illustrative outputs. The first block shows how the standardized observatory
makes model orders of magnitude legible. The second block shows how the same proxy can be annualized
at the software-feature level from compact, natural-language scenarios.

Case Energy Carbon Interpretation

Ministral 3B, one active 0.19 Wh 0.0077 gCO2e Small hybrid model under a French

hour provider-country proxy

GPT-5 mini, one active hour | 5.90 Wh 2.272 gCO2e Medium proprietary hosted model
under a US provider-country proxy

Claude Opus 4.1, one active | 103.53 Wh 39.860 gCO2e Very large proprietary estimate

hour illustrating the steep growth of

screening orders of magnitude

Support chatbot, Ministral
8B, 20,000

2.38 kWh/year

96 gCO2e/year

Low-carbon annual result despite high
usage because the retained electricity

factor is favorable

Higher annualized result driven by
hosted-service assumptions and US
electricity contextualization

conversations/month
Retrieval assistant, GPT-5
mini, 4,000 uses/month

12.31 kWh/year 4.74
kgCOqe/year

Table 1: Illustrative outputs from the current observatory and application estimator. These values are
screening estimates, not audited declarations.

These examples illustrate three practical properties of the method. First, annualization matters:
apparently small unit values become relevant when multiplied by real usage. Second, the chosen model
profile matters materially. Third, the retained electricity mix can dominate the carbon interpretation,
which is why country contextualization is explicitly shown in the interface. Just as importantly, these
results can be obtained quickly from natural-language inputs while keeping the extracted scenario and
assumptions visible in the interface.

For completeness, Table 2 reports the current calculated values for all 40 market models tracked in the
March 2026 release. The purpose of this table is documentary: it makes the observatory outputs directly
inspectable in the paper, while the web interface remains the primary medium for interactive exploration.

Table 2: Calculated environmental indicators for the 40 market
models currently tracked by ImpactLLM. Inference values corre-
spond to the standardized one-hour scenario used in the observatory.
Training values are multi-factor screening estimates.

Model Inference Inference Training Training
Wh/h gCOqe/h GWh ktCOqe
Claude Opus 4.1 103.53 39.86 6900.35 6166.82
GPT-5.2 96.52 37.16 5589.28 4995.13
GPT-5.2-pro 96.52 37.16 5589.28 4995.13
Grok 4 38.04 14.65 621.03 555.01
Megatron-Turing NLG 26.24 10.10 795.04 710.53
530B
GPT-4 26.03 10.02 819.76 732.62
Claude Sonnet 4 22.44 8.64 276.01 246.67
Grok 2 19.69 7.58 155.26 138.75
Llama 3.1 405B 19.13 7.37 287.06 256.54
Gopher 280B 14.31 2.57 126.01 112.61
Gemini 2.5 Pro 12.46 4.80 69.00 61.67




Model Inference Inference Training Training
Wh/h gC0Oqe/h GWh ktCOqe
Grok 1 10.72 4.13 226.42 202.35
Claude 3.5 Sonnet 10.23 3.94 52.83 47.21
Claude 3.7 Sonnet 10.23 3.94 52.83 47.21
Jurassic-1 Jumbo 9.30 3.58 77.88 69.60
GPT-3.5 Turbo 9.16 3.53 53.60 47.90
OPT 175B 8.09 3.11 61.25 54.74
LaMDA 1 7.26 2.79 30.83 27.55
Mistral Large 7.18 0.29 26.10 23.32
GLaM 130B 6.38 2.46 35.10 31.37
Claude 2 6.01 2.31 17.25 15.42
GPT-5 mini 5.90 2.27 15.57 13.91
GPT-5 nano 5.90 2.27 15.57 13.91
Gemini 2.5 Flash 5.22 2.01 11.04 9.87
Qwen2.5 72B 3.71 2.00 9.07 8.11
Llama 3.1 70B 3.61 1.39 8.58 7.66
DeepSeek R1 2.89 1.56 675.40 603.60
DeepSeek V3 2.76 1.49 675.40 603.60
Gemini 2.5 Flash-Lite 2.06 0.79 1.55 1.39
Gemini 2.0 Flash 2.06 0.79 1.55 1.39
Qwen2.5 32B 1.72 0.93 1.79 1.60
Mistral Small 3.1 24B 1.43 0.06 1.10 0.99
Claude 3.5 Haiku 1.43 0.55 0.83 0.75
Codestral 22B 1.20 0.05 0.81 0.72
Ministral 8B 0.49 0.02 0.11 0.10
Llama 3.1 8B 0.46 0.18 0.11 0.10
Qwen2.5 7B 0.40 0.22 0.09 0.08
GPT-0OSS 120B 0.40 0.16 21.56 19.27
GPT-0OSS 20B 0.26 0.10 0.69 0.62
Ministral 3B 0.19 0.01 0.02 0.01

5 Literature and Source Base

The results above are not produced from a single benchmark, but from a layered source base combining
direct environmental anchors, estimator literature, infrastructure and electricity context, and broader
analytical framing. This structure corresponds to the source logic exposed in the site’s Sources page,
where each value is linked to a document, a system boundary, and a use role in the estimator.

5.1 Direct Environmental Anchors for LLMs

The primary literature anchors for training and inference come from work that reports environmental
indicators directly for language-model systems or adjacent production systems. The core training anchors
include Strubell et al. on transformer training costs [28], Luccioni et al. on BLOOM [15], Morrison et
al. on holistic language-model impacts [19], and recent lifecycle or training-oriented extensions such as
Fernandez et al. [9] and d’Orgeval et al. [6]. For inference, the most operational prompt-level anchor
in the current release is Elsworth et al. [8], complemented by broader framing from Ren et al. [24] and
water-related contextualization from Li et al. [14].

5.2 Measurement, Tracking, and Proxy Literature

The methodological design also builds on the literature and tooling ecosystem for measuring or estimating
AT impacts when direct telemetry is available or partially missing. This includes CarbonTracker [2],
CodeCarbon [18], the ML.ENERGY benchmark [26], and proxy-oriented tooling such as EcoLogits [10].
These references do not provide one transferable number for all current hosted LLMs, but they define
the design space within which a screening proxy must remain explicit about assumptions, units, and
uncertainty.



5.3 Infrastructure, Electricity, and Cloud Context

A second family of sources informs the infrastructural and contextual layers needed to convert energy
proxies into carbon estimates or to interpret data-center scale effects. This includes cloud and infrastructure
accounting references such as Cloud Carbon Footprint [4], AWS CCFT [1], the Microsoft Emissions Impact
Dashboard [17], Google Cloud carbon reporting [11], and the OVHcloud environmental tracker [20]. It
also includes system-level or electricity-demand framing from EPRI [7], Lawrence Berkeley National
Laboratory [13, 27], the International Energy Agency [12], and Joule-scale discussion by de Vries-Gao [5].

5.4 Model Documentation and Conceptual Framing

Some source families play a different role: they do not provide direct environmental measurements but
document model properties or frame the interpretation of the results. Examples include model and
provider documentation such as the Llama 3.1 model card [16], broader environmental framing from Rillig
et al. [25], and earlier conceptual work on sustainable AI and environmental decision support [22, 21].
The observatory and the site itself are part of this transparency layer because the project republishes
those linked records in reusable interfaces [23].

5.5 Use-Phase and Comparison Conventions

Finally, a few references are used to define common use scenarios or contextual comparison devices rather
than model-specific environmental values. In the current release, Brysbaert [3] is used to anchor the
reading-speed convention behind the standardized one-hour observatory scenario. This kind of contextual
reference matters because comparative results depend not only on environmental anchors, but also on the
retained usage normalization and interpretation framework.

6 Discussion and Perspectives

Beyond the catalog table and the static release timelines, the observatory can also be read as a dynamic
screening signal about the acceleration of frontier-model impacts. Figures 1 and 2 summarize that intuition
with a simple log-linear reading of the GPT, Claude, and Grok flagship series. The purpose is not to claim
a physical law or a universal growth constant. It is to provide a compact interpretation of the retained
central estimates under the current observatory assumptions.

Training-screening trajectory of flagship GPT, Claude, and Grok models

Claude Opus 4.1
= GPT GPT-3.2
== Claude

= Grok
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Claude Sonnet 4
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Estimated doubling time: 7.3 months
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Figure 1: Hlustrative reading of the observatory’s central training-screening estimates for flagship GPT,
Claude, and Grok models. The visual condenses the current retained values into an approximate doubling-
time interpretation.



Inference-screening trajectory of flagship GPT, Claude, and Grok models
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Figure 2: Illustrative reading of the observatory’s central inference-screening estimates for flagship GPT,
Claude, and Grok models, using the standardized one-hour scenario retained by the site.

Two lessons follow from these perspective views. First, the apparent acceleration is stronger for
training than for inference. This is consistent with the current screening structure: training combines
retained parameter count, token priors, architecture effects, and hardware assumptions, so frontier-model
scaling quickly reaches very high orders of magnitude. Inference, by contrast, is partially damped by the
standardized use scenario and by the fact that active compute per request does not necessarily grow as
fast as total model size.

Second, these visuals are useful precisely because they remain interpretive rather than declarative.
They help communicate that the observatory does not only contain isolated point estimates; it also
suggests a market trajectory in which the environmental stakes of frontier models may be rising rapidly.
But the value of that reading depends entirely on the transparency of the underlying assumptions. If those
assumptions change, the apparent doubling times change as well. The figures should therefore be read as
discussion tools and policy prompts, not as direct provider-side measurements or immutable forecasting
laws.

From a policy and governance perspective, this is arguably one of the most useful roles an open
observatory can play. Even without direct industrial telemetry, it can surface the possibility that model-
scale growth is outpacing the public visibility of environmental reporting. In that sense, the discussion
value of the observatory is not limited to ranking models; it also lies in making structural trends legible
enough to motivate better disclosure, more granular reporting, and more disciplined debate.

7 Limitations

The main limitations are methodological. First, the estimator depends on scarce literature anchors, so the
uncertainty intervals rely on wide parameter- and token-exponent bounds to keep the screening range
honest. Second, proprietary service configurations remain opaque, forcing the method to rely on contextual
proxies for regime, architecture, and hardware. Third, training-level emissions are reconstructed from
sparse reports and assumed token priors; more published training anchors would reduce that uncertainty.
Finally, the natural-language parser must interpret ambiguous descriptions, which is why every extracted
assumption is surfaced to the user along with the final estimate.

8 Implementation Notes

The prototype is implemented as a Python/Flask web application that builds on the observatory dataset
stored in ImpactLLM/data/market_models.csv. The front-end sends the user description to OpenAl for



parsing, then queries the estimator to compute the inference and training proxies. The same dataset
drives the observatory tables, which remain independent of the estimator logic.

9 Conclusion

The contribution of this manuscript is both methodological and documentary: it explains how ImpactLLM
transforms natural-language descriptions into bounded inference and training estimates, and it makes the
resulting comparative tables and figures for the tracked models directly inspectable in one place.

That contribution should not be read as an attempt to eliminate uncertainty. For the most widely
used proprietary LLM services, uncertainty is structurally unavoidable because the decisive telemetry
remains inaccessible. The relevant methodological task is therefore to organize approximation rather than
to pretend to escape it. This paper argues that a transparent, source-linked, reproducible screening proxy
is a better basis for comparison and discussion than the current situation in which strong environmental
claims often circulate without explicit assumptions, traceable derivation, or shared comparison rules.
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