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Abstract. Large language models need verifiable environmental account-
ing at the point of use. We present a cryptographically attested, per-
request environmental accounting framework for LLM inference. The de-
sign aligns with EAT (RFC 9711) semantics and produces COSE-signed
receipts that bind energy traces and environmental factors to an invoca-
tion. We embed timestamped ElectricityMaps responses in each receipt.
During our runs the API returned fallback values, so we report both fall-
back results and a post-hoc historical correction at the same timestamps.
The fallback contrast between GB and continental zones produces an
apparent 7.5x spread. Historical correction changes regional ranks and
lowers mean per-request COy by about 32%. Because clipping creates
left-censoring, we report Tobit 0.162 J/token, Hurdle 0.198 J/token for
non-zero requests, and OLS 0.140 J/token on all requests. Across 384
requests we observe a mean of 2.618 J per request and a mean ratio
of 0.0215 J per token, while the regression slope captures marginal en-
ergy per token. Verification runs in 0.109 ms and signing in 1.066 ms,
negligible relative to inference latency.
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1 Introduction

Large language models require environmental accountability frameworks extend-
ing beyond training to inference-level quantification. Current studies focus on
training emissions [1], while inference operations remain inadequately character-
ized [2]. Existing methods lack per-request granularity and suffer trust deficits
undermining regulatory compliance [4].

We present a cryptographically attested, per-request environmental account-
ing framework for LLM inference producing COSE-signed receipts binding en-
ergy traces and environmental factors to invocations. Our approach leverages
RFC 9711 standards [7] establishing tamper-evident environmental claims for
high-risk Al systems.
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2 Related Work

Environmental impact assessment focuses on training emissions [1| and lifecycle
considerations [2]. Cryptographic attestation for computational claims repre-
sents emerging TEE applications [11]. RFC 9711 establishes hardware-bound
frameworks [7], while energy measurement benefits from NVML advances [12].

3 Methodology

3.1 Experimental Design

We employed 384 inference requests across four electricity grids (Great Britain,
Germany, France, US-CAL-CISO), two temporal conditions (02:00/14:00 UTC),
three token limits (64, 128, 256), and four repetitions. Model: TinyLlama/TinyLlama-
1.1B-Chat-v1.0. Operational electricity only; embodied manufacturing and end-
of-life are out of scope.

3.2 Hardware Monitoring

We sample NVML and RAPL at 10 Hz. GPU attribution uses weighted SM /memory
splits; CPU uses per-process counters. RAPL PACKAGE excludes DRAM. We
validated the a-weighted attribution against NVML per-process accounting with
minimum MAE of 2.8% at o« = 0.5 [12,13].

3.3 Baseline and Censoring

We subtract a 30th-percentile idle baseline measured over 60 s. Negative values
are clipped to zero, yielding zero-inflation. We fit Tobit and Hurdle models, and
include OLS for comparability.

3.4 Environmental Factors

Carbon intensity uses ElectricityMaps at receipt timestamp. We set AWARE
CF = 1.0 and WUE = 0.5 L/kWh, reporting sensitivity for WUE in [0.3, 1.2]
L/kWh [15,14]. With CF fixed at 1.0, scarcity-weighted and absolute water
coincide; uncertainty is dominated by WUE in the [0.3, 1.2] L/kWh range.

3.5 Cryptographic Attestation

Attestation aligns with EAT (RFC 9711) semantics and uses COSE with Ed25519
signatures [7,7?]. Each request generates signed receipts with energy measure-
ments, environmental calculations, and SHA-256 provenance hashing.
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Table 1: Environmental Impact Summary. Quality denotes receipt-level prove-
nance completeness (timestamped ElectricityMaps payload + receipt signature).
During our runs the API returned fallback intensities; we therefore include a
timestamp-matched historical correction in Table 2. Live regionality coverage at
inference time was limited because of fallback responses.

Metric Mean 95th %ile As-measured Quality
Energy per request (J) 2.618 14.751 2.618 100%
Energy per token (J) 0.0215 0.109 0.0215 100%
COg per request (mg) 0.237 1.447 0.237 100%*
COg per token (mg) 0.00194 0.0122 0.00194 100%*
Water per request  3.64 20.5 3.64 100%
(x1077 L)

Water per token  2.99 15.2 2.99 100%
(x107° L)

Table 2: Carbon Intensity: Fallback vs Historical Correction

Region Fallback (g/kWh) Historical (g/kWh)
GB 66 66
DE 494 672
FR 494 156
US-CAL-CISO 494 387

4 Results and Discussion

4.1 Energy Consumption and Scaling

Results revealed mean energy consumption 2.618 J per request. Average energy
per token is a ratio over all requests. The regression slope is the marginal in-
crease per additional token. Mean ratio 0.0215 J/token; OLS 0.140 J/token (all
requests), Tobit 0.162 J/token (censored at zero), and Hurdle 0.198 J/token
(non-zeros). Linear regression explains 72% of variance (R? = 0.720).

Outlier analysis identified four requests exceeding 99th percentile, all algo-
rithmic tasks consuming 30.8 to 36.6 J, representing 12-14x mean consumption.

AWARE CFs were set to 1.0 in this prototype, so scarcity-weighted and
absolute water are identical; WUE dominates uncertainty.
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Fig. 1: Key results: (a) R? = 0.720, slope 0.140 J/token OLS, and (b) 7.5x
regional carbon variation.
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Fig. 2: Distribution analysis: (a) right-skewed distribution, (b) algorithmic out-
liers.

4.2 Regional Impact and Performance

Using fallback intensities, Great Britain at 66 g/kWh vs continental regions at
494 g/kWh implies a 7.5x spread. With timestamp-matched historical data,
mean emissions drop by ~32% and regional rankings change among the conti-
nental grids (GB remains lowest while DE/FR/CAISO reorder relative to each
other, consistent with Table 2).

Cryptographic performance: Verification 0.109 ms (9,174 /s single core). Sign-
ing 1.066 ms (850 signatures/s); both under 0.2% of TinyLlama latency. Bench-
marked on Xeon Gold 6342 @ 2.80 GHz using PyNaCl.
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4.3 Governance Applications

Framework enables regulatory compliance through tamper-evident receipts with
hardware-backed key management, geographic optimization for carbon-aware
deployment, and algorithmic efficiency monitoring. The 7.5x regional variation
demonstrates load balancing opportunities [16].

5 Limitations

Limits include small model scale, grid-data gaps requiring post-hoc correction,
WUE assumptions, and RAPL PACKAGE excluding DRAM. Future work in-
cludes larger models and external power measurement.

6 Conclusion

We establish cryptographically attested environmental assessment for LLM in-
ference. Key findings: 7.5 regional carbon variation, predictive energy modeling
(0.162 J/token Tobit, 0.140 J /token OLS, R? = 0.720), negligible cryptographic
overhead. Framework provides foundations for carbon pricing and regulatory
compliance.

7 Appendix

Receipt schema (CBOR): {issuer kid, ts, nonce, model id, prompt hash, to-

kens out, energy series 10Hz, energy J, grid region, grid gCO2 kWh, CO2 mg,
WUE_L kWh, water L, u95 energy, u95 CO2,u95 water, provenance sha256,
sigh.

The verifier checks signature and issuer key, enforces a monotonic times-
tamp/nonce to prevent replay, re-integrates the 10 Hz energy series to verify
energy J within sensor error, and recomputes CO, and water before accepting
the claim.
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