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Abstract

Using Large Language Models (LLMs) for In-
formation Extraction (IE) inherently involves
transforming diverse textual inputs into strictly
formatted outputs. Guaranteeing this structural
validity introduces a hidden energy tax driven
by constrained decoding mechanisms, seriali-
sation formats, and underlying serving config-
urations. Consequently, standard token-level
metrics fail to capture the true energy cost of
generative IE, which also cannot be predicted
by model size alone. To address this, we intro-
duce the first dedicated benchmark evaluating
the energy-accuracy trade-offs of generative
IE. Our framework establishes task-aligned en-
ergy metrics, including Energy per True Posi-
tive (J/TP ) and the F1-Energy Ratio (F1/kJ).
Through comprehensive ablation across archi-
tectures, decoding regimes, and serving-layer
limits, we demonstrate that efficiency is gov-
erned by complex parameter interactions. We
translate these findings into actionable config-
uration guidelines, equipping practitioners to
maximise predictive accuracy, optimise energy
yield, or achieve a sustainable Pareto balance.
The source code and evaluation results are avail-
able on GitHub1.

1 Introduction

Information Extraction (IE) is rapidly shifting
from highly efficient, fine-tuned encoders to zero-
shot Large Language Models (LLMs) (Ni et al.,
2025). While LLMs offer immense flexibility, their
widespread deployment raises serious environmen-
tal concerns (Schwartz et al., 2020). Crucially, gen-
erative IE represents a special case of LLM infer-
ence: it relies on mapping long, heterogeneous in-
puts to very short, structurally rigid, and parseable
outputs (Zhang et al., 2025). This structural dispar-
ity exposes a critical lack of energy-aware bench-

* Corresponding author.
1https://github.com/Energy-aware-IE/

Energy-Benchmarking-of-IE

marks tailored to the operational realities of con-
strained generation.

Equating smaller model architectures with pro-
portional energy savings is an oversimplification, as
generative IE efficiency is a systems-level property.
Since structured extraction tasks (NER, RE, EE) de-
mand strict schema adherence (Politov et al., 2025),
assessing their actual energy overhead requires ex-
plicitly integrating output formats, constrained de-
coding mechanisms, and serving-layer configura-
tions into the evaluation framework. Enforcing
these constraints imposes a "computational tax"
that alters energy consumption independently of
raw token volume. Consequently, standard token-
level energy metrics, which treat all generated text
equally, are fundamentally insufficient for captur-
ing the true GPU inference cost of structured ex-
traction.

To map these unique inefficiencies, we estab-
lish the first dedicated benchmark for sustainable
IE. Specifically, we make three core contributions.
First, we introduce a comprehensive energy-aware
benchmark for NER, RE, and EE spanning multi-
ple model scales, output formats, decoding regimes,
serving configurations, and GPU generations. Sec-
ond, we define a standardised methodology us-
ing task-aligned energy metrics, such as the F1-
Energy Ratio (F1/kJ) and Energy per True Positive
(J/TP ), thereby demonstrating why conventional
token-level metrics fail for structured extraction.
Finally, we provide an empirical deployment anal-
ysis that translates these interactions into action-
able guidelines (See Table 1). Specifically, our
evaluation investigates whether model size reliably
predicts energy efficiency; whether supervised en-
coders remain preferable to zero-shot decoders;
how output formatting and constrained decoding
affect the energy-accuracy trade-off; and the ex-
tent to which serving-layer parameters alter the
efficiency frontier.
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2 Related Work

Encoder only models Historically, IE tasks re-
lied on fully supervised, encoder-only architec-
tures, with models like mBERT (Pires et al., 2019)
and XLM-R (Conneau et al., 2020) establishing
strong baselines. Complex structured prediction
tasks required specialised architectures, such as
DREEAM for document-level RE (Ma et al., 2023)
and argument-linking networks for EE (Ebner et al.,
2020). In low-resource scenarios, translation-plus-
projection pipelines (García-Ferrero et al., 2022;
Poncelas et al., 2023) achieve predictive accuracy
but introduce immense computational overhead
during the translation step (Politov et al., 2025).

LLMs for IE tasks Generative LLMs have
shifted the IE paradigm toward zero- and few-shot
prompting (Zhang et al., 2025), bypassing trans-
lation pipelines with pre-trained multilingual rep-
resentations (Mo et al., 2025). However, enforc-
ing strict schema adherence (e.g., JSON, DST)
(Bourhis et al., 2020) (Shen et al., 2025) neces-
sitates constrained decoding mechanisms (Ruan
et al., 2025). Libraries like Outlines (Willard and
Louf, 2023) and XGrammar (Dong et al., 2024)
guarantee valid outputs but impose a hidden au-
toregressive computational overhead, making their
deployment significantly more resource-intensive
than that of single-pass encoders.

Benchmarks The NLP community lacks a
unified benchmark targeting the intersection of
IE and energy efficiency. Standard IE bench-
marks prioritise predictive accuracy (F1) (Yao et al.,
2019), (Hu et al., 2020), (Yu et al., 2026), while
efficiency benchmarks evaluate raw throughput
or memory, ignoring IE’s structural complexities
(Chitty-Venkata et al., 2025), (Ni et al., 2025).
Consequently, no standardised approach simultane-
ously evaluates both classical encoders and zero-
shot decoders to map the Pareto frontier between
accuracy and energy.

Measurement of the energy consumption Em-
pirical hardware profiling has largely replaced theo-
retical FLOP counting for measuring deep learning
energy consumption (Zhou et al., 2024), (Niu et al.,
2025). Existing energy studies often ignore the
complexities of downstream tasks (Jurkschat et al.,
2025). Accurate profiling requires robust telemetry;
tools like nvidia-smi (Yang et al., 2024) and NVML
(Huang et al., 2025) have limitations in polling
overhead or scalability (Ansari and Ansari, 2025).
Data Centre GPU Manager (DCGM) (Wassermann

Figure 1: Scheme of the measurement

et al., 2026) offers high-fidelity, low-overhead mea-
surements compared to other solutions. Alongside
hardware, we standardise the software serving layer
on vLLM, utilising its PagedAttention mechanism
for high-concurrency throughput, which provides
efficiency benefits compared to other popular infer-
ence engines, e.g., HuggingFace Text Generation
Inference (TGI) (Kolluru, 2025), being the de facto
standard. This controls the computational variance
introduced by backend optimisations (Pape et al.,
2026). Finally, prior LLM energy evaluations rely
on generalised Energy-per-token metrics (Wu et al.,
2025), (Solovyeva and Castor, 2026), which are
insufficient for structured IE tasks and thus neces-
sitate our task-aligned efficiency metrics.

Measurement of CO2 and limitations of this
approach Reporting Carbon Dioxide equivalent
emissions is problematic for architectural bench-
marking (Luccioni et al., 2023). Carbon footprints
are tied to the local grid’s carbon intensity at the
time of computation (Li et al., 2024), causing iden-
tical models to yield vastly different footprints
based on geographic location (e.g., Germany vs.
Norway) (Wu et al., 2022). Because these vari-
ables obscure intrinsic algorithmic efficiency, re-
porting direct energy consumption provides a far
more stable, reproducible metric for architectural
comparisons.

3 Benchmark Design

3.1 System Overview

Because the energy efficiency of LLM-based IE
is multifaceted, our modular benchmark provides
a unified framework for navigating trade-offs be-
tween predictive quality (F1) and inference en-
ergy across core IE tasks (NER, EE, RE). We
evaluate both zero-shot decoders and traditional
fine-tuned encoders using shared, task-aligned ef-
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ficiency metrics. By systematically isolating vari-
ables across tasks, decoding formats, and serv-
ing configurations, we map the energy-accuracy
frontier. This equips the research community
with actionable guidance to optimally configure IE
pipelines, whether targeting peak accuracy, maxi-
mum efficiency, or a sustainable balance.

3.2 Energy Telemetry and Measurement
Protocol

Accurate energy profiling requires isolat-
ing the active inference window from gen-
eral server overhead. We omit full-system
power to focus exclusively on GPU power
draw, utilising an NVIDIA DCGM telemetry
pipeline that polls the hardware energy counter
(DCGM_FI_DEV_TOTAL_ENERGY_CONSUMPTION)
at 100 ms intervals. To eliminate initialisation
variance, the active window is strictly defined
as the continuous period where GPU utilisation
exceeds zero. Crucially, we isolate pure computa-
tional cost by measuring only direct GPU power
draw, explicitly excluding the energy consumption
of the host CPU, system RAM, and VRAM.
This calibrated estimator successfully excludes
model loading and initial cache allocation, but it
inherently captures operational realities such as
prompt parsing, constrained decoding overhead,
and baseline idle power.

Variability and significance We ran all con-
figurations three times (N = 3). With three runs
per configuration, a standard confidence interval
would have to assume normally distributed errors,
which we cannot verify at that sample size. We
therefore report Chebyshev intervals, which make
no distributional assumption but require an upper
bound on the run-to-run variation, obtained from
a separate calibration study of 300 repeated runs:
GPU energy varies by 1.2% on average (1.6% at
worst) between identical repetitions, and F1 far less.
A mean from three runs is thus known to within
±5%, and two configurations are separable only if
they differ by more than 7% or about 2% for quan-
tities averaged over ten XTREAM NER languages.
The main effects we report exceed these thresholds
several times over, whereas differences of a few
percent should be read as directional rather than
established. Full derivations and per-configuration
intervals are given in Appendix A.4.

3.3 Task-Aware Energy Metrics

The conventional efficiency baseline, Energy per
Generated Token (EGen = ∆E/Ngen, for Ngen

output tokens), is fundamentally flawed for Infor-
mation Extraction (IE). It conflates formatting ver-
bosity with utility, rewarding fast hallucinations
while penalising structured prompts. Efficiency
must instead reflect task-level utility.

We isolate the active inference energy (∆E, in
Joules) by subtracting the cumulative GPU energy
recorded at the onset E(tstart of active generation
from the total energy recorded at its completion
E(tend:

∆E = E(tend)− E(tstart) (1)

We introduce the F1-Energy Ratio (F1/kJ)
(F̂1/(∆E/1000)) and its inverse, the Energy-to-
F1 Cost (EF1 = ∆E/F̂1), to quantify the energy
yield of accuracy.

Concurrently, Energy per Extraction
(Eextraction = ∆E/N̂pred, for N̂pred predicted
spans) measures the raw cost per predicted
span. Analysing F1-based efficiency alongside
extraction cost reveals whether energy is wasted
on over-generation or misclassification.

Finally, to more rigorously approximate the cost
of successful extractions, we introduce Energy per
True Positive (J/TP ) (ETP). This metric esti-
mates the average energy expended to yield a single
correct extraction:

ETP =
∆E

P̂ · N̂pred

(2)

where P̂ is extraction precision. By severely pe-
nalising high-volume, low-precision hedging, ETP

defines the true operational cost of useful outputs.

3.4 Taxonomy of Experimental Parameters

To systematically isolate the drivers of inference
efficiency and computational overhead, we parti-
tion the experimental space into four operational
axes. Structural Decoding Regimes encom-
pass constrained decoding backends (xgrammar,
Outlines, EBNF CFGs) alongside various out-
put formats (JSON, YAML, XML, DST). Fur-
thermore, Serving-Layer Constraints icluding
memory fragmentation (block_size), decode
budgeting (max_new_tokens), and prefill lim-
its (max_num_batched_tokens, max_model_len).
Finally, Throughput Dynamics (Concurrency)
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Batch size (batch_size), vLLM scheduler capac-
ity (max_num_seqs). It is important to note that
batch size is a parameter of the evaluation client
rather than of vLLM, which performs continuous
batching and exposes no request-batch setting; we
report it for reproducibility, but it is a property of
how requests are issued, not a serving-layer tuning
lever (Appendix A.9 characterises the mechanism
and quantifies its reach). Moreover, Task Spec-
ification covers prompt taxonomy and few-shot
scaling; as it is secondary to our systems-level fo-
cus, more information can be found in A.5. For the
full list of the evaluated parameters, see Table 3.

4 Methodology

The detailed benchmark overview table is presented
in the Appendix A.2

4.1 Experimental Setup

We conduct our evaluations across NVIDIA A100
(40GB) and H100 (96GB) GPUs to observe en-
ergy scaling across compute generations. For gen-
erative models, we propose standardising IE en-
ergy benchmarking on the vLLM engine (v0.8.4),
thereby enabling broader compatibility across GPU
generations (Kwon et al., 2023), while vLLM’s
PagedAttention mechanism delivers state-of-the-art
memory efficiency and high throughput. Crucially,
vLLM demonstrates exceptional energy efficiency
during the decoding phase (Niu et al., 2025), which
is crucial for IE tasks where the generation stage is
dominant. The full description of the experimental
setup is presented in A.8.

4.2 Downstream Tasks and Datasets

To map the energy-accuracy frontier across vary-
ing structural demands, our benchmark evaluates
three Information Extraction tasks of escalating
complexity: NER, EE, RE.

NER serves as a foundational token-level base-
line, isolating the fundamental energy costs of
structural formatting with minimal reasoning over-
head. This evaluation primarily centres on the
XTREME PAN-X dataset for broad multilin-
gual analysis, with secondary experiments on
MasakhaNER to assess low-resource generalisa-
tion. Increasing in complexity, EE (RAMS 1.0c)
shifts the workload to multi-sentence semantic rea-
soning, requiring models to identify event triggers
and map entity spans to 139 distinct roles. Finally,
RE (DocRED) exhibits the highest structural com-

plexity, requiring document-level, multi-hop rea-
soning to track entities and classify relationships
into 96 Wikidata types across long contexts. By
tracking this progression from simple tagging to
complex document reasoning, the benchmark sys-
tematically isolates how task difficulty dynamically
alters the energy costs of both classical encoders
and generative decoders.

4.3 Output formats and decoding strategies.
We evaluate three serialisation formats and four
decoding strategies:

Serialisation formats: We consider four for-
mats: JSON (key–value pairs with strict syntax,
serving as the de facto standard for structured
outputs); YAML (an indentation-based, human-
readable format relying on whitespace rather than
brackets); XML (a tag-based markup format pro-
viding unambiguous nesting at the cost of higher
verbosity); and DST (a compact, line-oriented
domain-specific template designed for information
extraction with minimal punctuation overhead).

Decoding strategies: We compare four gener-
ation approaches: Unconstrained (baseline, free
generation without structural guarantees); xgram-
mar (compiles a JSON Schema into a dynamic to-
ken mask for single-pass structural validity; EBNF
(uses hand-written Extended Backus - Naur Form
grammars for fine-grained control over allowed se-
quences); and Outlines (enforces regex or grammar
using a token-level finite-state machine, offering
high generality at the cost of FSM construction
overhead).

4.4 Choice of Models
We evaluate several general-purpose instruction-
tuned LLMs spanning two families and a different
range of parameters: the Gemma 3 family (4B,
12B, and 27B) (Team et al., 2025) to isolate intra-
family scaling effects on performance and energy,
and Llama 3.3 70B (Grattafiori et al., 2024) as a
more advanced, well-known reference point in the
community. Moreover, to test our scalability hy-
pothesis with a high-capacity model, we used the
Mistral Large (123B) model (Mistral AI, 2024).
For more details, see Appendix A.3. For encoder
approaches across the three tasks, we compare
against fully supervised architectures: DREEAM
(Ma et al., 2023) for document-level RE (guided
self-attention), the Multi-Sentence Argument Link-
ing framework (Ebner et al., 2020) for EE (cross-
sentence dependencies), and a projection-based
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pipeline (Politov et al., 2025) for NER.

4.5 Baseline

To establish a realistic point of comparison, we
define a naïve production baseline representing a
standard vLLM deployment for high-throughput
IE. Because input and output lengths differ sharply
across tasks, the baseline is specified per task (Ta-
ble 7): context and decode limits are set only so
that they accommodate the respective dataset, and
concurrency is scaled to fit the resulting sequences
in memory. All other settings are held at general en-
gine defaults and are identical across tasks. These
values are chosen for feasibility rather than effi-
ciency, providing a well-defined, unoptimised an-
chor against which all parameter ablations are mea-
sured. Furthermore, we enable standard throughput
optimisations (prefix caching and chunked prefill)
while leaving the Key-Value cache unquantised
(auto) on bfloat16 weights to ensure a clean en-
ergy reference. This setup provides a well-defined,
unoptimised anchor against which all parameter
ablations are measured. We highlight a few pri-
mary serving constraints throughout our analysis;
the exhaustive baseline configuration is detailed in
Appendix A.7.

5 Empirical Evaluation

5.1 Deployment Regimes: Task-Specific
Supervision and Zero-Shot Flexibility

Direct comparisons between fully supervised en-
coder systems and zero-shot LLMs are inherently
asymmetric. The evaluation situates encoder mod-
els and LLMs within different deployment regimes
rather than architectures. This offers a practical
perspective on when practitioners should still pre-
fer supervised encoders over zero-shot generative
decoders. Supervised encoders represent the effi-
ciency upper bound when task-specific supervision
and dedicated pipeline engineering are available.
In contrast, generative LLMs become operationally
attractive when supervision, language coverage, or
engineering resources are limited.

To map these regimes, we establish supervised
baselines across all three tasks. For RE, we eval-
uate DREEAM (Ma et al., 2023); for EE, Multi-
Sentence Argument Linking (Ebner et al., 2020).
Although Arglinking on gold spans is not directly
comparable to the end-to-end span detection and
role assignment required of LLMs, we include it
to define the architectural upper bound for effi-

Figure 2: Performance of Encoder vs. Decoder
Architectures Across Diverse Tasks. Open circles

denote decoder LLMs at their best configuration per
task and model size; filled squares denote supervised

encoder baselines. (H100 config) Top-right is optimal.

ciency (F1/kJ). All other metrics use identical
evaluation protocols. For NER, we evaluate a
standard translation-plus-projection pipeline (Poli-
tov et al., 2025) utilising NLLB-200 and XLM-R-
Large. This allows us to contrast zero-shot flexi-
bility against a classical multi-stage pipeline. We
test this on German (XTREME), a high-resource
control where supervised encoders establish the
upper bound, and on Luganda (MasakhaNER), a
low-resource African language. Luganda explicitly
exposes the computational bottleneck in classical
pipelines that include a translation step.

As visualised in Figure 2, classical encoders es-
tablish the efficiency upper bound for monolingual
inference efficiency when task-specific supervision
is available. For document-level RE, DREEAM-
BERT achieves 0.242 F1/kJ, substantially outper-
forming the most accurate tuned LLM (LLaMA-
3.3-70B at 0.003 F1/kJ). Although the DREEAM-
RoBERTa backbone attains a marginally higher
F1 score (0.671 vs 0.653), BERT consumes less
than half the energy (2.69 kJ vs 7.20 kJ), making
it the Pareto-optimal choice. Similarly, for Event
Extraction (EE), Arglinking-BERT reaches 0.170
F1/kJ, whereas the most efficient LLM configura-
tion (Gemma-3-12B) achieves 0.091 F1/kJ at sub-
stantially lower accuracy. These results indicate
that, for conventional structured prediction tasks,
the flexibility of pipeline-free LLM inference in-
curs a significant energy cost.

In cross-lingual and low-resource settings, the
efficiency trade-off shifts as classical approaches
rely on energy-intensive translation pipelines. Gen-
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erative decoders instead operate without explicit
intermediate translation stages. On MasakhaNER
(Luganda), Gemma-3-4B bypasses the translation
bottleneck, achieving 0.704 F1 at only 1.68 kJ, cor-
responding to 0.418 F1/kJ, a very high efficiency
observed across all tasks in this study.

This dynamic holds for higher-resource Named
Entity Recognition (NER) as well. On the German
XTREME benchmark, Gemma-3-27B achieves
peak accuracy (F1 = 0.767), but the smaller
Gemma-3-4B provides a 14× energy reduction
(5.15 kJ, 0.127 F1/kJ) while retaining an F1 of
0.655. Ultimately, while supervised encoders are
the optimal deployment choice for high-resource,
monolithic extraction, compact instruction-tuned
decoders represent the most sustainable strategy
for flexible, cross-lingual environments.

Motivations for Zero-Shot Generative Extrac-
tion When is LLM deployment justified? As
Figure 2 illustrates, single-pass encoders define the
efficiency upper bound when task-specific supervi-
sion is abundant. However, encoders lack zero-shot
flexibility. In cross-lingual or low-resource settings,
generative LLMs bypass energy-intensive transla-
tion pipelines, executing extraction in a single pass.
Consequently, these architectures occupy distinct
deployment regimes: LLMs provide a necessary,
pipeline-free alternative when task-specific super-
vision or engineering resources are unavailable.

5.2 Decoding Regimes and Formats

To address how output format and constrained de-
coding affect the energy-accuracy trade-off, our
evaluations show that inference costs and predic-
tive quality are dictated by the complex interaction
among task rigidity, model scale, and decoding
format; see Figure 3.

Constrained JSON (xgrammar) incurs negligi-
ble overhead on NER. Across ten languages and
nine prompts, median run energy remains stable
at every scale (e.g., unconstrained vs. xgrammar:
23.8 vs. 25.5,kJ at 4B, and 228.6 vs. 230.0,kJ at
70B). Energy per correct entity actually decreases
for models 12B70B, and accuracy is fully pre-
served aside from a marginal 0.011 F1 drop at
4B. This efficiency stems from computing the con-
straint mask in-kernel (GPU) rather than on the
host (CPU). Different formatting influences energy
consumption differently: JSON+xgrammar incurs
minimal overhead (≈7% for median-of-medians),
whereas FSM-heavy methods like DST+Outlines

Figure 3: F1 vs. F1/kJ across four IE tasks, model
scales, and output formats. NER: XTREME averages
10 languages; MasakhaNER averages 14 languages.

Each point is one model-format configuration averaged
across prompts (H100 config).

or XML+xgrammar are energy-prohibitive, con-
suming up to 7, 6× the same model’s unconstrained
JSON cost. Furthermore, accuracy is highly format-
sensitive.

Decomposing the constrained-decoding
tax. Separating GPU compute from idle time
reveals the true source of this energy overhead.
DST+EBNF uses 6.0× the energy of unconstrained
DST (up to 10.4× at 70B), but only 1.7× once idle
draw is excluded. XML+xgrammar shows similar
spikes (up to 20.9×). Consequently, 62-71% of
the added energy cost comes from the GPU idling
while token masks are computed on the host CPU
instead of in parallel. While a baseline compute
penalty is inherent to any grammar enforcement,
the massive idle penalty (roughly a factor of
three) is simply an implementation bottleneck.
JSON+xgrammar avoids this penalty entirely
by computing its mask in-kernel(GPU side).
Appendix A.10 reports the full decomposition.

Format selection for RE: All formats yield sim-
ilar accuracy (within 0.03 F1), but energy diverges
sharply. DST uses 10-17% less energy per run than
JSON and vastly less energy per correct triple (24.3
vs. 33.4 J/TP at 4B; 35.1 vs. 76.8 at 70B). Thus,
we recommend DST for RE.

To balance accuracy, energy, and deterministic
parsing, Gemma-3-12B with JSON+xgrammar is
the ideal baseline, guaranteeing schema adherence
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Figure 4: Cross-architectural analysis of server-side
parameter variations

across NER, EE, and RE (with energy impacts rang-
ing from −8% to +115%). For cost-agnostic peak
accuracy, use 12B JSON+xgrammar for NER, 27B
unconstrained JSON for EE, and for RE, uncon-
strained DST (70B) or JSON (12B/27B). Strictly
energy-constrained setups should default to 4B un-
constrained DST.

For multilingual deployments below 27B, un-
constrained DST is the robust default: it achieves
the best mean rank and uses 2-5× less energy
than DST+EBNF. Grammar enforcement yields
no accuracy gains at these scales. Notably, on
MasakhaNER, unconstrained DST improves F1

across all scales while reducing energy.
In summary, output formats and constrained de-

coding are primary drivers of the energy-accuracy
trade-off, not mere implementation details. Sustain-
able generative IE requires deliberately aligning
these mechanisms with the target task’s structural
rigidity.

5.3 Influence of Serving Parameters on
Energy Efficiency

To determine how much serving-layer parameters
affect the efficiency frontier, we conducted a com-
prehensive ablation study across NVIDIA A100
and H100 GPUs (details in A.2). Our findings
in Figure 4 confirm that default inference engine
settings are rarely calibrated for structured IE. Ulti-
mately, achieving optimal efficiency requires pre-
cisely aligning a strict hierarchy of serving con-

straints with the target task’s specific complexity.
We identified a three-way structure of param-

eters: critical (max_new_tokens, batch_size),
task-specific (max_num_batched_tokens,
block_size), and low-impact (max_num_seqs,
max_model_len).

Critical Parameters: Decode Limits and Batch
Sizing Driving efficiency swings of ±50%
F1/kJ, these parameters demand aggressive tun-
ing. For NER, unconstrained generation wastes
energy: verbose chain-of-thought prompts inflate
costs by 50% (9.6 vs 6.4 J/TP), making tight de-
code caps (50–100 max_new_tokens) critical to
prevent costly hallucinations. Conversely, Relation
Extraction (RE) requires a large budget (150-200)
tokens. For the client batch size (batch_size),
moderate HTTP batches (256) reduce memory-
bandwidth contention for EE and RE (yielding up
to +141.6% F1/kJ). Crucially, dropping the batch
size too far (64-128) breaks the chunked-prefill
scheduler, destroying energy efficiency across all
tasks by up to 61.1%.

Task-Specific Parameters: Memory and Pre-
fill Allocation Neither limit admits a single set-
ting that is optimal across tasks. The prefill win-
dow (max_num_batched_tokens) is consequential
only for prompt-heavy workloads: increasing it
to 16,384 changes F1/kJ by between −25% and
+78% on EE and by −5% to +22% on RE, but
by less than ±6% on NER. The direction of this
effect varies across model scales, so the parameter
requires per-model tuning rather than a global de-
fault. Enlarging block_size beyond the default of
16 is seldom beneficial: NER efficiency declines
monotonically (−4.5%, −9.5% and −18.7% at 32,
64 and 128 respectively), EE improves only at 32
(+18.0%), and a block size of 128 reduces effi-
ciency in 14 of the 16 task–model combinations
examined.

Low-Impact Parameters: Scheduler Capac-
ity and Context Truncation Though these pa-
rameters have the smallest median effect, they
are not uniformly safe. Reducing scheduler ca-
pacity (max_num_seqs) from 1024 to 512 im-
proves F1/kJ in 10 of 16 configurations (median
+0.8%), but increases energy cost in the rest—up
to +147% for EE at 12B. Truncating context win-
dows (max_model_len) behaves similarly: despite
a median effect under 1%, outcomes range from
−58% to +213%. Neither should be adopted as a
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Core Finding Empirical Evidence Practical Implication

Encoders set efficiency bounds. DREEAM-BERT (0.242F1/kJ)
on RE outperforms tuned LLMs
(0.003F1/kJ).

Prefer classical encoders for supervised
tasks; use LLMs for zero-shot or cross-
lingual needs.

Output format determines accu-
racy.

DST is the efficient default for RE; sim-
ple NER optimises best under DST.

Larger models scale best with YAML or
unconstrained JSON.

Constrained decoding imposes a
tax.

FSMs (Outlines) inflate energy up to
7,6×. xgrammar boosts rigid tasks but
minimally hurts small NER models.

Benchmark schema enforcement. De-
fault to JSON+xgrammar, avoiding
heavy FSMs if energy-bound.

Serving limits shift the frontier. (block_size,batch_size
max_new_tokens, max_num_batched)
alters efficiency by ±50%.

Aggressively tune decode budgets to pre-
vent hallucinations; mandate reporting
of serving parameters.

Scale does not guarantee effi-
ciency.

On German NER, Gemma-3-4B offers
a 5.1× energy reduction over 27B with
competitive utility.

Exhaust pipeline tuning (formats, limits)
on compact 4B–12B models before scal-
ing capacity.

Table 1: Main findings and practical implications for deploying energy-efficient generative IE pipelines.

global default without per-deployment validation.

Influence of parameters: Our ablation study
identifies max_new_tokens, batch_size, and
block_size as the primary drivers of LLM energy
efficiency in IE. This triad triggers the largest per-
formance swings, altering efficiency by ±50% (me-
dian) and up to +159%. max_new_tokens bounds
decoding budgets to prevent costly hallucinations
in short-span tasks like NER. Tuning batch_size
prevents memory-bandwidth contention and main-
tains scheduler stability, while block_size man-
ages KV-cache paging, where exceeding the de-
fault of 16 is seldom beneficial. Therefore, align-
ing these three parameters with a task’s structural
demands is a foundational step for optimising gen-
erative IE pipelines.

5.4 Scaling Beyond the 70B Reference Point

Gemma-3-27B matches or exceeds our 70B refer-
ence point on several tasks; thus, we test whether
this reflects the model or the scale by adding a more
modern Mistral-Large-Instruct-2411 (123B dense)
under the same serving configuration (Table 7). We
compare both models at TP= 4 and report Llama-
3.3-70B additionally at TP= 2, the allocation used
throughout this paper. In F1/kJ the ordering is the
inverse of model size: Gemma-3-27B is the most
efficient of the three models and Mistral-Large the
least on all four tasks, using 20 - 84% more energy
per unit of F1 than Llama-3.3-70B on matched
hardware, while Llama-3.3-70B is itself 36% more
efficient at TP= 2 than at TP= 4 on German NER.
Accuracy does not follow this ordering: Mistral-
Large improves F1 only on RE (0.208 vs. 0.146),
matches Llama-3.3-70B on German NER, and less
efficient on EE (0.287 vs. 0.306) and MasakhaNER

(0.618 vs. 0.663). Extended results are in Table 10.
We conclude that the largest model is thus the least
efficient on every task and more accurate on only
one.

5.5 Main Findings
Our comprehensive evaluation demonstrates that
the energy efficiency of LLM-based IE cannot be
predicted by model scale alone. Instead, achieving
optimal F1 and energy trade-offs requires precise
alignment of prompt design, decoding structures,
and serving parameters. We synthesise our core
findings in Table 1.

5.6 Scenario-Driven Configuration Guidelines
To operationalise these trade-offs and provide ac-
tionable setup guidance, we categorise the optimal
parameter configurations and their empirical gains
relative to the unoptimised baseline across four dis-
tinct deployment scenarios:

Scenario A: Peak Accuracy. Settings: The
most accurate output format per task. Outcome
vs. Baseline: Peak configurations consistently out-
perform the naïve 4B unconstrained-JSON base-
line in average F1: NER 0.518 vs. 0.449 (12B,
YAML); MasakhaNER 0.693 vs. 0.430 (70B, un-
constrained XML); EE 0.327 vs. 0.245 (27B, un-
constrained JSON); and RE 0.178 vs. 0.067 (27B,
unconstrained JSON). Only NER peaks under a
constrained format. Strict FSM enforcers, tested
solely on the NER tasks, fall short of these peaks
(0.491 NER, 0.664 MasakhaNER) while inflating
energy up to 38×, limiting their viability to offline,
high-stakes extraction.

Scenario B: Maximum Tuning Gain. Set-
tings: Reducing HTTP batch_size to 256 and
capping decode budgets at max_new_tokens=200.
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Outcome vs. Baseline: These are our most re-
liable efficiency levers. Reducing batch_size
eases memory-bandwidth contention, improving
all EE and RE tested runs. It boosts F1/J by up to
+141.6% and cuts energy per correct extraction by
a median 27%, for a minor median cost of 3% F1.
Capping max_new_tokens at 200 applies broadly
(NER, MasakhaNER, and RE), cutting energy (me-
dian −14%, best −35%) while maintaining accu-
racy (median +0.5% F1).

Scenario C: Baseline Efficiency. Settings:
Default vLLM deployment (batch_size=1024,
max_num_seqs=1024) paired with compact models
(4B) and unconstrained JSON. Outcome vs. Base-
line: Ideal for strict energy limits with zero engi-
neering overhead. Thus 4B model uses 2.7-4.2×
less energy compared to 27B and 7.5–10× com-
pared to 70B.Unconstrained generation reduces
output validity in smaller models, causing a mod-
est accuracy drop in short-span extraction (87%
of peak F1 on NER) but a severe degradation in
document-level relation extraction (36% on RE).

Scenario D: Pareto-Optimal Default. Settings:
Mid-scale models (Gemma-3-12B) paired with
lightweight JSON+xgrammar constraints and task-
specific decode budgets (max_new_tokens=100
for NER and MasakhaNER, 150 for EE and RE).
Outcome vs. Baseline: This robust setup prevents
hallucinations and preserves accuracy. It recov-
ers at least 80% of the peak F1 (100% on NER,
97% on EE, 85% on MasakhaNER and 81% on
RE) and delivers transformative efficiency gains,
including a +52.2% F1 surge in EE and avoidance
of Scenario A energy spikes. Crucially, decode
budgets must match the task: the NER budget cuts
energy per correct extraction by 45%, and 5% on
MasakhaNER, while RE needs 150 tokens to avoid
truncating triples

5.7 Discussion
Our findings indicate that energy-aware evaluation
for generative Information Extraction must move
beyond reporting model size, GPU type, or raw
Energy-per-Token statistics. Because structured
outputs and constrained decoding fundamentally
alter inference behaviour, energy efficiency in gen-
erative IE is a systems-level property rather than a
direct consequence of parameter count. An energy
benchmark of this kind measures a pipeline, not a
model in isolation, meaning the serving stack con-
tributes to every reported metric. We distinguish
between generalizable IE properties and system-

specific artefacts. Task-aligned metrics, encoder-
decoder separation, formataccuracy interactions,
and scale-efficiency decoupling should transfer
across deployments. Conversely, metrics involving
block size, chunked prefill, and KV-cache precision
reflect vLLM on NVIDIA hardware rather than the
IE task itself. Though stack-dependent, these hard-
ware insights remain valuable for optimising real-
world deployments. (Properties arising from the
measurement apparatus bounding uncaptured en-
ergy are detailed in Appendix A.9). As a result, two
deployments of the same model can exhibit substan-
tially different energy profiles depending on these
configurations. For reproducible and meaningful
benchmarking, we recommend reporting the struc-
tural properties of the extraction pipeline along-
side predictive metrics, including the output format,
constrained decoding strategy, parser enforcement
mechanism, decode budget, and serving configu-
ration. These operational details dictate inference
behaviour and energy consumption; without them,
cross-model comparisons cannot be reliably inter-
preted.

6 Conclusion

As Information Extraction (IE) rapidly transitions
toward generative architectures, understanding the
true operational costs of inference is critical. In this
work, we introduced the first dedicated benchmark
for energy-efficient IE, moving beyond standard
token-throughput metrics to use task-aligned en-
ergy indicators (such as J/TP and F1/kJ).

Crucially, our evaluations demonstrate that the
energy efficiency of LLM-based IE cannot be pre-
dicted by model size or any single parameter alone.
Instead, efficiency is largely determined by the
complex interplay among architectural paradigms,
structural decoding formats, and serving-layer dy-
namics. By systematically mapping how these pa-
rameters affect the energy-accuracy trade-off, this
benchmark provides actionable, scenario-driven de-
ployment guidelines. We explicitly outline which
configuration settings to use and when, enabling
practitioners to set up their pipelines to achieve
peak predictive accuracy, maximise energy effi-
ciency, or establish a targeted Pareto-optimal bal-
ance. Ultimately, this work equips the NLP com-
munity with the empirical foundation necessary
to deploy highly capable, yet energy-sustainable,
Information Extraction systems.
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Ethics Statement

The rapid adoption of Large Language Models
(LLMs) for Information Extraction (IE) necessi-
tates balancing extraction quality with environmen-
tal cost. Because generative IE imposes substantial
energy overheads, we align with the Green AI prin-
ciple (Schwartz et al., 2020) that efficiency must be
a first-class evaluation criterion. However, minimis-
ing energy is not an absolute rule: in high-stakes
domains or low-resource cross-lingual settings, the
energy cost of larger models may be ethically justi-
fied to prevent harmful errors or expand language
access. We therefore advocate proportional deploy-
ment, where practitioners select the lowest-energy
configuration that meets their reliability threshold.
Task-aware metrics like F1-Energy Ratio (F1/kJ)
make these trade-offs explicit, guiding optimisa-
tions that can drastically reduce total energy use
(Fernandez et al., 2025).

Crucially, optimising individual extractions car-
ries the ethical risk of the rebound effect: making
IE cheaper may encourage processing at a mas-
sive scale, paradoxically increasing total compu-
tational demand. Furthermore, runtime GPU en-
ergy underrepresents the true ecological footprint,
omitting life-cycle equipment emissions (Luccioni
et al., 2023), water consumption, and infrastructure
expansion (Carmeno et al., 2026). Consequently,
energy-efficient benchmarks must not only iden-
tify optimal configurations but also encourage re-
strained deployment, ensuring efficiency gains are
used to reduce total environmental impact rather
than merely subsidising further automation.

Limitations

While our benchmark captures critical efficiency
dynamics, its scope is limited to specific extrac-
tion tasks (NER, RE, EE) and models (Gemma-
3, Llama-3.3, used per their licenses), meaning
these trends may not generalise to alternative ar-
chitectures or retrieval-augmented pipelines. Fur-
thermore, our evaluation framework introduces
systemic boundaries that influence the reported
metrics, which we detail further in Appendix A.9.
To ensure reproducible comparisons, our measure-
ments strictly isolate the energy used for active
GPU inference. By excluding model initialisation,
system-level overhead (e.g., host CPU, network in-
terface, cooling), and regional grid variables, we
deliberately avoid making broader carbon-footprint
claims. However, this boundary impacts certain

configurations unevenly: because FSM-based con-
strained decoding forces the GPU to idle while
waiting for CPU-bound parsing, its measured en-
ergy overhead is highly sensitive to host system
performance rather than being intrinsic to the ex-
traction task itself.

Additionally, our batching and scheduling find-
ings are inherently tied to the vLLM stack and
NVIDIA hardware. To avoid confounding vari-
ables, we standardised on this single inference
backend; consequently, while our broad task-level
findings generalise, specific system behaviours
characterise this software stack and may not trans-
fer to other frameworks. Notably, the H100 served
as our primary evaluation platform, as establishing
a direct architectural comparison with the A100
falls outside the core objectives of this study. We
also note that our Hyperparameter Optimisation
(HPO) trial was exploratory rather than exhaus-
tive. Finally, the measurement client itself can dis-
tort results: high request concurrency can trigger
transport-layer failures that imitate model errors,
and telemetry misalignment can corrupt energy
readings. We therefore filter out invalid measure-
ment windows, report request success rates along-
side accuracy, and emphasise that robust bench-
marking must carefully distinguish infrastructure
bottlenecks from actual model failures.
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A Appendix

A.1 Software Environment

All experiments were executed under the following
software stack.

• OS & Workload manager: SLURM 23.11.8;
Operating system: Rocky Linux 9.6

• Container runtime: Apptainer 1.4.5 (for-
merly Singularity); The vLLM serving
stack was packaged as a single .sif
image built from a custom Dockerfile
(nvidia/cuda:12.8 base)

• CUDA: 12.8 (host driver); CUDA 11.7 inside
the inference container

• Inference server: vLLM 0.8.4, served via
HTTP with OpenAI-compatible API

• Python: 3.10 (container) / 3.11 (eval-
uation environment); key packages:
transformers, seqeval, aiohttp, mlflow,
prometheus_client

• Energy monitoring: NVIDIA DCGM
Exporter via Prometheus (scrape interval
100 ms); custom NVML poller at 10 Hz for
per-job GPU power traces

• Module system: Lmod 9.2

A.2 Benchmark Overview

To establish a clear foundation for our empirical
analysis, Table 2 provides a comprehensive archi-
tectural overview of the energy-aware generative
Information Extraction benchmark. It explicitly
outlines the core dimensions of our evaluation
framework, systematically categorising the targeted
downstream tasks, model families, and the specific
constrained decoding regimes applied.

A.3 Model deployment

All generative models used in this study (Gemma-
3, Llama-3.3) were accessed in accordance with
their respective community licenses and terms of
use. We strictly adhered to the usage policies set
forth by the model providers, ensuring that all out-
puts were used solely for non-commercial research
purposes and that no prohibited content generation
was performed. Hardware allocation was scaled
according to model parameters and architectural
requirements. On the NVIDIA H100 infrastructure,
the Gemma model family was deployed on a single
GPU, whereas the Llama models were deployed
on a 2-GPU configuration. Mistral Large for Sec-
tion 5.4 was hosted on 4 GPUs. Conversely, de-
ployments on the NVIDIA A100 hardware scaled
incrementally: the Gemma 4B and 12B variants
were hosted on a single GPU, the Gemma 27B
model required a 2-GPU setup, and the 70B model
was distributed across eight A100 GPUs. More-
over, we compared Gollie (Sainz et al., 2024), fine-
tuned specifically for information extraction, with
other LLMs on a configuration with A100 GPUs (1
GPU).

A.4 Statistical Analysis of Run-to-Run
Variability

Calibration study Reporting confidence intervals
for the sweep results requires knowing how much
a measurement moves when nothing changes. For
ten task × model combinations, we therefore re-
peated a single fixed prompt under the task baseline
30 times, giving 300 runs in which the only source
of variation is hardware and scheduler noise. Ta-
ble 5 reports the outcome: active-window GPU en-
ergy has a coefficient of variation between 0.72%
and 1.60% (mean 1.17%), while F1 varies by at
most 0.59% and usually far less.

Why distribution-free intervals The sweeps
use N = 3, at which a Student-t interval is valid
only under normality. Energy is close to normal
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Dimension Benchmark Components
Tasks Named Entity Recognition (NER),

Event Extraction (EE), Relation Ex-
traction (RE)

Datasets XTREME PAN-X (10 langs),
MasakhaNER 2.0 (14 langs), RAMS
1.0c (En), DocRED (En)

Languages XTREME (91 000 test sentences):
Arabic, German, English, Spanish,
French, Japanese, Korean, Russian,
Chinese (10 000 each), Hindi (1 000)
MasakhaNER (22 210 test sentences):
Ewe (1 001), Hausa (1 633), Igbo
(2 181), Kinyarwanda (2 235), Lu-
ganda (1 412), Chichewa (1 785),
Nigerian Pidgin (1 294), Kiswahili
(1 883), Setswana (996), Akan/Twi
(1 211), Wolof (1 312), isiXhosa
(1 633), Yorùbá (1 964), isiZulu
(1 670)
RAMS 1.0c: 871 test events (English)
DocRED: 1 000 test documents (En-
glish)

Volume 3,488 planned configurations (model
× task × language × format ×
prompt); each configuration repeated
N=3 times → 9,291 total GPU infer-
ence runs

Model Families Decoders: Gemma-3 (4B, 12B, 27B),
Llama-3.3 (70B), Mistral-Large, GoL-
LIE
Encoders: DREEAM, Argument
Linking, NLLB+XLM-R

Output Formats JSON, YAML, XML, DST (Domain-
Specific Text)

Decoding Unconstrained, xgrammar, EBNF,
Outlines

Serving Limits batch_size, max_new_tokens,
max_num_batched_tokens,
block_size, max_num_seqs,
max_model_len

Hardware Node type A: 8× NVIDIA A100-
SXM4 (40 GiB HBM2), 2× AMD
EPYC 7352 (24 cores, 2.3 GHz), 1 TiB
RAM
Node type B: 4× NVIDIA H100-
SXM5 (94 GiB HBM2e), 2× AMD
EPYC 9334 (32 cores, 2.7 GHz),
768 GiB RAM
SLURM cluster; vLLM v0.8.4

Protocol N = 3 runs; active GPU inference
window isolated via NVIDIA DCGM

Metrics Predictive: Micro-averaged F1, Preci-
sion, Recall
Energy: F1-Energy Ratio (F1/kJ),
Energy per True Positive (J/TP ), En-
ergy per Extraction (Eextraction)

Table 2: Overview of the IE benchmark, presented in
the paper

(skewness within [−0.72, 0.28]), but F1 is not: the
EE 27B cell has skewness −2.81 and excess kur-
tosis 9.01. Resampling triples from each 30-run

Parameter Evaluated Variations
Task Specification
Prompt Styles P1–P9 (Across all NER models)
Output Formats JSON

DST
XML
YAML

Decoding Strategies Unconstrained
JSON + xgrammar

XML + xgrammar

DST + ebnf

DST + Outlines

Concurrency Limits
max_concurrency 256, 512, 1024
batch_size 128, 512, 1024
max_num_seqs 512, 1024, 2048
Context & Budgets
max_new_tokens 50, 100, 150, 200, 250, 300
max_model_len 768, 1024, 2048
max_num_batched_tokens 8192, 16384, 32768
vLLM Engine Flags
block_size 16, 32, 64, 128
kv_cache_dtype auto, fp8
dtype bfloat16

enable_prefix_caching True, False
enable_chunked_prefill True, False
Hardware Topology
tensor_parallel_size Scaled to physical GPUs

Table 3: Comprehensive taxonomy of all architectural,
structural, and serving-layer parameters evaluated

across the benchmark sweeps.

Parameter Description

Output & Decoding
Prompt style Instruction phrasing variant (P1–P9)
Output format JSON, DST, YAML, XML
Decoding Unconstrained or grammar constrained

(xgrammar, ebnf, Outlines)

Concurrency
max_concurrency Max parallel HTTP requests
batch_size Client-side request batch size
max_num_seqs vLLM in-flight sequence cap

Context & Token Budgets
max_new_tokens Per-request generation budget
max_model_len Maximum prompt + response length
max_num_batched_tokens Prefill window size

Engine Flags
block_size KV cache page size (tokens)
kv_cache_dtype KV cache precision (fp8/auto)
enable_prefix_caching Reuse KV cache across shared prefixes
enable_chunked_prefill Split long prefills across steps
calculate_kv_scales Dynamic FP8 KV scale computation
tensor_parallel_size GPU parallelism degree

Table 4: Serving and inference parameters varied in the
benchmark sweep.

pool, a nominal 95% t-interval covers the pool
mean only 0.88–0.94 of the time for energy and
0.83 for the heavy-tailed F1 cells. We therefore
use the Chebyshev interval, which assumes only
i.i.d. observations with standard deviation bounded
by σmax and holds exactly at any sample size; its
empirical coverage under the same protocol is 1.00
in every cell.

Thresholds Chebyshev requires σmax as an ex-
ternal input, which is what the calibration study pro-
vides. Since the sample standard deviation is itself
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Energy (J) F1

Task Model Mean SD CV % Mean SD CV %

NER 4B 14,686 217 1.48 0.5831 0.00012 0.021
NER 12B 36,023 281 0.78 0.6136 0.00002 0.002
Masakha 4B 3,192 42 1.30 0.5245 0.00007 0.013
Masakha 12B 8,109 58 0.72 0.6370 0.00009 0.014
EE 4B 3,209 50 1.55 0.2592 0.00154 0.593
EE 12B 8,490 111 1.30 0.3243 0.00116 0.357
EE 27B 17,397 159 0.91 0.3621 0.00027 0.074
RE 4B 18,393 213 1.16 0.0799 0.00015 0.190
RE 12B 58,597 558 0.95 0.1674 0.00072 0.432
RE 27B 128,925 2,063 1.60 0.2244 0.00083 0.370

Table 5: Calibration study: N = 30 repetitions of a
fixed configuration per cell (300 runs). SD and CV

describe pure run-to-run noise.

uncertain, we inflate it by the one-sided χ2 bound
σ ≤ s

√︂
(n− 1)/χ2

α,n−1 = 1.28 s for n = 30,
α = 0.05. Applied to the worst observed energy
CV of 1.60%, this gives 2.05%, and we adopt
σmax = 2% of the mean; for F1 the same rule
yields 0.0002 (NER, MasakhaNER), 0.002 (EE)
and 0.0015 (RE).

From P (|X̄ − µ| ≥ ε) ≤ σ2/(Nε2), the
(1 − α) half-width of a mean over N runs is
h = σmax/

√
Nα. For two configurations, the vari-

ance of the difference is bounded by 2σ2
max/N ,

so their intervals separate only if they differ by
∆min = σmax

√︁
2/(Nα); requiring in addition that

a true effect be missed with probability at most β
gives σmax

√︁
2/N (α−1/2 + β−1/2). At N = 3

and α = 0.05 the coefficients are 2.58, 3.65 and
5.48 respectively, so with σmax = 2% the energy
mean is known to ±5.2%, two configurations are
separable at 7.3%, and the threshold rises to 11.0%
at 80% power. Monte-Carlo simulation on a two-
point distribution, the worst case for which the
bound is tight, confirms that the realised type-I er-
ror stays below α at N = 3. When a quantity is
averaged over L independent languages or prompts,
N is replaced by NL: ∆min tightens to 2.3% for
the ten XTREME languages and 2.0% for the four-
teen of MasakhaNER.

Application to the reported findings Measured
against these thresholds, the effects highlighted in
Section 5 are comfortably resolved: the ±50%
swings of the batch_size / max_new_tokens /
max_num_batched_tokens triad, the +74.0% F1

gain of JSON+xgrammar on EE, the up-to-7, 6×
energy cost of FSM decoding and the −69.7% col-
lapse of non-JSON RE all exceed ∆min by at least
a factor of five. The smaller gains in Table 15 are
resolved only because they are language-averaged:
+6.2% for max_num_seqs= 512 and ∼ +4% for
max_num_batched_tokens= 32768 clear the ag-

gregated threshold of 2.3% but not the 7.3% of a
single-configuration comparison. Differences be-
low 2% should be read as directional only.

A.5 Prompt Configurations

To systematically isolate the impact of prompt de-
sign on both performance and energy consump-
tion, we evaluated nine prompt variants (P1–P9)
for the NER task and eight variants (P1–P8) for EE
and RE. The configurations span a spectrum from
minimal zero-shot instructions (P1) to structured
bullet-point prompts (P3–P6), rule-based verbose
templates inspired by PromptNER (P7), and chain-
of-thought reasoning prompts (P8). Variants P2–P6
additionally inject language-specific few-shot ex-
amples (one to three input–output pairs) into the
context. For NER only, variant P9 uses instruc-
tions produced by the DSPy GEPA (Gradient-free
Ensemble Prompt Adaptation) optimiser (Agrawal
et al., 2026): a GEPA run is executed per language
on the XTREME-PAN-X benchmark, so the result-
ing optimised instructions are both task-specific
and language-specific, and give results on the level
of the simple P1 prompt. Table 6 provides a short
overview of the prompts. Full prompts are pre-
sented in the GitHub repository. Unless stated
otherwise, energy figures reported throughout this
work are measured on a fixed baseline configura-
tion, enabling accurate isolation of generation cost
from prompt-induced variability.

A.6 Prompt Design

Prompt design details can be found in Table 6

A.7 Baseline Experimental Configuration

Table 7 details the complete unoptimised vLLM
serving configuration used to establish the baseline
energy and throughput metrics prior to the ablation
study.

A.8 Energy Measurement Pipeline

To ensure reproducible, high-fidelity measurements
across isolated hardware environments, all en-
ergy telemetry was managed through a dedicated
hardware-level monitoring stack. Because the
foundational metric definitions and active-window
boundaries, this section details the operational
mechanics of the pipeline’s execution on High-
Performance Computing (HPC) infrastructure.

HPC Orchestration and Strict Isolation. To
prevent thermodynamic or scheduler interference
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ID Type Design description
P1 Basic zero-shot Minimal instruction: task +

output format only; no rules
or examples.

P2 Basic one-shot P1 + single annotated
demonstration example.

P3 Rules zero-shot Structured bullet-point rules
(verbatim, no hallucination,
JSON); no example.

P4 Rules one-shot P3 rules + one annotated
demonstration example.

P5 Rules two-shot P3 rules + two annotated
demonstration examples.

P6 Extended three-shot Expanded rules (entity
boundary constraints,
cross-lingual note) + three
examples.

P7 PromptNER rules PromptNER-style explicit
rule list (zero-shot).

P8 Chain-of-thought Two-phase CoT: internal
reasoning then final JSON;
one CoT demonstration.

P9 Alt-format Non-JSON output format
(### per / org / loc
markers).

Table 6: Prompt design summary

Parameter NER Masakha EE RE
XTREME NER 2.0 RAMS DocRED

Serving-Layer Constraints
max_model_len 1024 1024 2048 4096
max_new_tokens 150 150 200 300
max_num_batched_tokens 8192 8192 8192 8192
block_size 16 16 16 16

Throughput & Concurrency
batch_size 1024 1024 128 128
max_concurrency 256 256 256 256
max_num_seqs 1024 1024 512 512

Engine Optimisations
dtype bf16 bf16 bf16 bf16
kv_cache_dtype fp8 fp8 fp8 fp8
enable_prefix_caching True True True True
enable_chunked_prefill True True True True
calculate_kv_scales False False False False

Hardware Topology
tensor_parallel_size #GPUs #GPUs #GPUs #GPUs

Table 7: Naïve Production Baseline: default vLLM
serving configuration per task. Serving-layer and

concurrency limits are aligned to each task’s input and
output length; engine flags are identical across tasks.
tensor_parallel_size is set equal to the physical

GPU count of the allocation.

from parallel workloads, experiments were sub-
mitted via a SLURM workload manager. The or-
chestrator script enumerated the Cartesian prod-
uct of all evaluated axes (model sizes, languages,
constrained-decoding backends, and vLLM serving
limits) and dispatched a single exclusive job per
configuration to dedicated, fully isolated A100 or
H100 compute nodes (e.g., the Capella and Alpha
partitions).

Containerised Serving and Telemetry. To avoid
host-level dependency conflicts and ensure iden-
tical execution environments across GPU archi-
tectures, the pipeline utilised a dual-container ar-
chitecture via Apptainer/Singularity. The target
LLM was served via vLLM within the primary
container, which exposed an OpenAI-compatible
REST API. Concurrently, NVIDIA’s DCGM ex-
porter (nvidia/dcgm-exporter) ran in a sec-
ondary container. This secondary container ex-
posed a Prometheus-compatible HTTP endpoint
and directly accessed the GPU hardware man-
agement interface, ensuring the telemetry stream
remained entirely independent of the inference
server’s software stack.

Asynchronous Dispatch and Polling. Instead
of sequential processing, the inference evaluation
script dispatched prompts to the vLLM server via
asynchronous HTTP requests. The concurrency
of these requests was strictly bounded by a con-
figurable semaphore to match the target through-
put dynamics of the given trial. Simultaneously, a
lightweight background Python process polled the
DCGM exporter endpoint. By appending hardware
state data (including board power, VRAM utilisa-
tion, and die temperature) to a per-job registry at
100 ms intervals, the pipeline effectively captured
the transient hardware spikes induced by chunked
prefilling and constrained FSM compilation.

Dynamic Alignment and Artefact Logging.
Following gold-label parsing, telemetry was dy-
namically aligned to the exact window of > 0%
GPU utilisation, isolating active inference energy
(∆E) from loading overhead. All resulting arte-
facts (latency, efficiency metrics, parsing success)
were then logged to MLflow to map the Pareto
frontier.

A.9 Measurement Boundaries

In any empirical evaluation of systems-level energy
consumption, the boundaries of the measurement
apparatus dictate the limits of the conclusions that
can be drawn. This section details the operational
constraints of our evaluation framework, explicitly
separating phenomena that are intrinsic to gener-
ative Information Extraction (IE) from artefacts
introduced by the serving stack, the hardware con-
figuration, and the network client. By transparently
defining these boundaries, we contextualise the em-
pirical claims presented in the main text, bound the
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magnitude of uncaptured systemic overheads, and
identify specific telemetry bottlenecks.

Pipeline architecture and the request path. Re-
quests reach the inference engine through three
stages of queueing, only the last of which be-
longs to vLLM. The evaluation client partitions
the dataset into groups of batch_size and waits
for each group to complete before issuing the next.
Within a group, a semaphore limits in-flight re-
quests to at most max_concurrency. Each in-
flight request occupies a pooled TCP connection,
which is reused across requests under HTTP keep-
alive. On the server side, arriving requests enter
vLLM’s waiting queue, from which the scheduler
admits up to max_num_seqs sequences for con-
current decoding. Consequently, batch_size and
max_concurrency shape the traffic distribution the
engine observes rather than how the engine inter-
nally batches work, with the connection pool acting
as an intermediary buffer.

Scope of energy telemetry. All reported energy
represents GPU board power sampled from DCGM
at 100 ms intervals and integrated strictly over the
active inference window; system-level overheads
such as host CPU, RAM, NIC, storage, conversion
loss, and facility cooling are excluded. We bound
the largest omitted term using utilisation traces:
the supervised-encoder baseline over 10,000 sam-
ples runs 47 minutes at an average of 0.6 active
cores on an AMD EPYC 9334 (main H100 archi-
tecture), yielding an estimated 6–17 kJ of CPU
energy - two orders of magnitude below the GPU
energy recorded over the same interval. The gener-
ative path (Gemma-3-12B) completes the identical
workload in 3 minutes, reducing the host CPU term
to roughly 0.8–2 kJ.

Constrained decoding represents a critical excep-
tion to this dynamic, as the host energy term is no
longer negligible. Per-token mask computation is
bound to the host CPU and is not vectorised across
the batch, forcing the GPU to remain powered
while idling. The share of active-window energy
drawn while the GPU is idle measures 1.4% for
unconstrained JSON and 4.0% for JSON+xgram-
mar, but surges to 60.7% for XML+xgrammar and
71.5% for DST+EBNF. While this cost is a gen-
uine deployment overhead, it largely reflects GPU
idle power during a host-side stall rather than ac-
tive computation. Broadly, constrained decoding
imposes a per-token masking cost that scales with
vocabulary size and grammar complexity; however,

C loss F1 P R E (kJ)
256 6.9% 0.449 0.501 0.429 22.6
512 21.1% 0.430 0.501 0.391 17.3
1024 27.9% 0.406 0.501 0.356 21.0

Table 8: Gemma-3-4B performance on XTREME,
averaged across ten languages and nine prompts.

Precision remains invariant while recall strictly tracks
the surviving-request fraction.

the absolute magnitude of this penalty is an artefact
of this specific Outlines/vLLM/EPYC hardware
combination.

Transport-layer request attrition. The client
connection pool and the server fundamentally dis-
agree on how long an idle connection remains
valid: 15 seconds on the client (the aiohttp
default) versus 5 seconds on the server (the
VLLM_HTTP_TIMEOUT_KEEP_ALIVE default). Be-
cause the client awaits the resolution of each re-
quest group before issuing the next, every group
boundary introduces a latency pause—involving
response parsing, telemetry reads, and cooldown—
that exceeds the server timeout. During this pause,
the server closes pooled connections while the
client still registers them as live. The subsequent
group then attempts to issue requests into closed
sockets, resulting in failure bursts strictly aligned
to group boundaries.

Across the 2,972 runs supporting our
results, 5,945,386 requests fail via this
mechanism, overwhelmingly throwing a
ServerDisconnectedError. By task, this
comprises 5,892,489 failures for XTREME NER,
31,633 for GoLLIE, 11,712 for EE, 9,552 for RE,
and none for MasakhaNER. While exhaustion of
the ephemeral port pool is a natural alternative hy-
pothesis, empirical evidence contradicts it: errors
occur exclusively on reused connections rather
than during new handshakes, and port exhaustion
would require approximately 28,000 sockets in
TIME_WAIT—a threshold never approached under
our connector limit of 4,096.

Isolating the impact of request attrition on per-
formance. If dropped requests are the sole source
of error, precision—which is computed exclusively
over successfully returned responses—should re-
main invariant, while recall should degrade propor-
tionally to the fraction of surviving requests. Both
conditions hold true in our evaluations (Table 8).

Modelling the recall ratio between C = 256
and C = 1024 as the surviving-request ratio
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(1 − ℓhi)/(1 − ℓlo) predicts the empirically ob-
served ratio with r = 0.9917 and a mean abso-
lute error of 1.10 pp across nine languages. Two
distinct data subsets serve as controls. Hindi, rep-
resenting the only 1,000-sentence split, experi-
enced zero losses at any concurrency level: the
predicted ratio was 1.000, and the observed ratio
was 1.001. Conversely, Korean at C = 1024 shows
a reversed trend: losses drop from 7.1% to 1.6%;
here, the model predicts recall should rise by a
factor of 1.059, matching the observed factor of
1.057. Correspondingly, measured energy rises
3.27× because the computational work is actually
performed. Because a dropped request consumes
zero decoding energy, request loss simultaneously
depresses measured energy alongside recall. Con-
sequently, apparent gains in F1/kJ at high concur-
rency are largely a mirage of work not performed;
we therefore make no specific recommendations
regarding optimal client concurrency.

Scope of affected empirical results. Request
attrition is heavily concentrated in the multilin-
gual NER sweeps, where the sheer request vol-
ume per run is highest. In contrast, MasakhaNER
exhibits zero transport failures across 1,448 runs,
and both EE and RE losses remain below 0.3% of
total requests. Critically, the encoder/decoder com-
parison, the cross-family scale results, the format
and decoding-regime analysis, and the task-aligned
metrics are entirely independent of these affected
measurements.

Two specific hyperparameters warrant clarifi-
cation. batch_size alters measured energy by
draining the scheduler and introducing idle in-
tervals inside the measurement window, rather
than by altering the engine’s internal batching me-
chanics; it should therefore be interpreted strictly
as an artefact of the testing harness. Similarly,
max_num_seqs is swept across 512, 1024, and
2048 while client concurrency remains capped at
256; thus, the upper limit is never the binding con-
straint, meaning these runs do not isolate its true
effect. We report both parameters for methodolog-
ical reproducibility but decline to draw broader
tuning recommendations from either.

Methodological recommendations for energy
benchmarking. Transport-layer failures remain
largely invisible within conventional reporting
paradigms, as standard accuracy or energy metrics
cannot distinguish a network drop from a model
that validly produced an empty output. To miti-

gate this, we recommend three general practices
for benchmarking pipelines: (1) Record requests at-
tempted, succeeded, and failed as first-class experi-
mental artefacts, quarantining any runs with non-
zero failures; (2) Explicitly configure both client
and server keep-alive timeouts, ensuring the client
timeout remains strictly lower than the server’s,
rather than relying on framework defaults; and (3)
Dispatch requests continuously under a fixed con-
currency bound rather than in client-side batches,
preventing the scheduler from draining and pooled
connections from idling. When analysing results, a
decline in recall alongside constant precision serves
as a highly reliable diagnostic signature of hidden
request loss.

A.10 Decomposing the Constrained-Decoding
Energy Tax

Section 5.2 reports that FSM-heavy decoding
modes inflate energy by up to 7, 6× relative to the
unconstrained baseline. That figure is correct as a
deployment cost but is not a single phenomenon: it
mixes the cost of the output format with the cost
of enforcing a grammar, and it mixes computation
with waiting. This appendix separates the three.

Method. We make two changes to the compar-
ison. First, each constrained mode is compared
against the same serialisation format decoded with-
out constraints (DST+EBNF against unconstrained
DST, and so on), rather than against unconstrained
JSON, so that format verbosity cancels and only
the decoding regime varies. Second, we use the
100 ms DCGM traces to split the active window
into samples with non-zero GPU utilisation and
samples at zero, following the idle-energy account-
ing introduced in Appendix A.9. Comparisons are
formed per task×model× language cell and we
report medians over the matched cells.

DST XML JSON
+EBNF +xgr +xgr

Energy relative to same format, unconstrained
total 6.0× 20.9× 0.4×
compute-only 1.7× 7.2× 0.4×

Time relative to same format, unconstrained
wall-clock 8.4× 31.5× 0.3×
compute-only 2.3× 10.2× 0.3×

Idle structure inside the active window
idle energy share 71.5% 60.7% 4.0%
zero-utilisation samples 964 2,162 5

Table 9: Median decomposition of the
constrained-decoding overhead.
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Most of the tax is waiting, not computing.
Table 9 shows that the overhead splits roughly
three-to-one. DST+EBNF costs 6.0× the energy
of unconstrained DST but only 1.7× once zero-
utilisation samples are removed; XML+xgrammar
costs 20.9× and 7.2× respectively. The time de-
composition agrees: wall-clock inflates 8.4× and
31.5×, but compute time only 2.3× and 10.2×.
The two decompositions agreeing is expected,
since GPU board power varies far less than dura-
tion, and it confirms that the effect is not an artefact
of the energy counter.

The stalls are per-token, not one-off. A plausi-
ble alternative explanation is that grammar compi-
lation imposes a single large start-up cost. The idle
structure rules this out. Constrained runs accumu-
late their idle time across hundreds to thousands
of separate 100 ms sampling windows in which
GPU utilisation reads zero — a median of 964
for DST+EBNF and 2,162 for XML+xgrammar
— whereas every unconstrained mode registers be-
tween three and ten. Idle time is therefore dis-
tributed throughout decoding rather than concen-
trated at the start, which is the signature of a per-
token operation. This matches the implementation:
the validity mask must be recomputed over the full
vocabulary at every decode step, Outlines applies
it on the host after the softmax, and vLLM does
not vectorise the lookup across the sequences that
its continuous batching decodes concurrently, so
mask evaluation serialises while the accelerator
stays powered.

Which part transfers. The compute-bound com-
ponent, 1.7–7.2×, follows from evaluating a gram-
mar over a large vocabulary at every step and
should appear in any engine that enforces struc-
ture this way; its magnitude scales with grammar
complexity, which is why XML, with its paired
opening and closing tags, costs far more than the
line-oriented DST grammar. The remaining fac-
tor of roughly three is specific to this integration,
and a vectorised or in-kernel mask would remove
it. JSON+xgrammar demonstrates exactly that: its
mask path is executed in kernels using index remap-
ping, its idle share stays at 4.0% against 1.4% for
unconstrained JSON, and it shows no idle-driven
penalty. We therefore recommend JSON+xgram-
mar wherever schema adherence is required and
energy is a constraint, and we caution that the
7, 6× figure should be read as a property of the
current Outlines/vLLM combination rather than of

grammar-constrained generation as such.

Caveats. The matched cells are dominated by
Gemma-3-4B (9 of 10 for DST+EBNF, 11 of 13
for XML+xgrammar); the 12B cells give a broadly
similar picture, with DST+EBNF at 7.9× total
and 2.6× compute-only, and XML+xgrammar at
14.8× and 4.8×. Only three matched cells exist
for JSON+xgrammar, so we treat its total-energy
ratio as indicative and rest the JSON conclusion
on the idle-share measurement, which is available
for all 112 runs of that mode. Finally, the split
between computing and waiting is resolved only
at the 100 ms telemetry granularity, so it bounds
rather than exactly partitions the two components.

A.11 Results of Scaling Architectures

Detailed results about Scaling Architecture findings
can be found in Table 10

A.12 Concurrency and the Serving Layer

Concurrency and Serving-Layer Bottlenecks.
We observe that increasing the client-side concur-
rency limit (C) paradoxically degrades measured
extraction quality on large XTREME NER splits. A
transport-layer ablation reveals this is a client-side
networking artifact rather than an operating sys-
tem limitation. Our evaluation harness processes
XTREME requests in batches of 1,024. Between
batches, the system idles to read energy counters
and parse responses. This idle duration plausibly
exceeds the server’s five-second keep-alive window
while remaining within the client’s fifteen-second
threshold. Consequently, the client attempts to
reuse sockets that the server has already closed,
causing requests to fail and be recorded as empty
responses. Higher values of C leave more connec-
tions idle at these batch boundaries, exacerbating
request loss.

Recall as a Systems Diagnostic. Because a
failed request yields an empty output, this bottle-
neck manifests as a sharp drop in Recall while
Precision remains unaffected. For example, on the
XTREME benchmark using Gemma-3-4B, increas-
ing C from 256 to 1024 causes macro Recall to
degrade (from 0.436 to 0.352), whereas macro Pre-
cision remains perfectly stable (at approximately
0.501). This signature uniquely identifies lost,
rather than degraded, outputs. Entity yield falls
with it, to 91.9% of baseline at C=512 and 77.1%
at C=1024, while three values of max_num_seqs
leave it unchanged (100.0–100.3%) because C
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Gemma-3-27B (TP=1) Llama-3.3-70B (TP=2) Llama-3.3-70B (TP=4) Mistral-Large (TP=4)

Task F1 F1/kJ F1 F1/kJ F1 F1/kJ F1 F1/kJ

NER XTREME (de)† 0.703 8.26 0.635 2.99 0.622 2.15 0.665 1.67
EE (RAMS) 0.327 12.07 0.302 6.54 0.306 3.42 0.287 2.21
RE (DocRED) 0.178 1.79 0.151 0.74 0.173 0.61 0.208 0.51
MasakhaNER (hau) 0.688 35.40 0.661 16.82 0.663 13.03 0.618 7.07

Table 10: Scaling past the 70B reference point, under the baselines. F1/kJ in units of 10−3, computed from ∆E
(Eq. 1) over all GPUs the job held. Best per task in bold. Mistral-Large requires four H100s, so Llama-3.3-70B is

reported both at its minimum allocation (TP= 2) and hardware-matched (TP= 4). Efficiency is ordered by
deployed capacity on every task: Gemma-3-27B on a single GPU is 2.7–3.8× more efficient than Llama-3.3-70B at
TP= 4 and 3.5–5.5× more than Mistral-Large, which is last throughout despite the highest F1 on RE. †On German
NER the nine-prompt means are 0.665 (Mistral-Large) and 0.622 (Llama-3.3-70B), but the entire gap comes from
the per-language GEPA prompt (P9, Table 6), on which Llama-3.3-70B collapses to 0.203; over the eight remaining

prompts the models are level (0.664 vs. 0.675).

(a) Entity Yield vs. Swept Parameter
Run (B, seq, C) Entities % vs base P R
(128, 1024, 256) 13,824 105.7% 0.654 0.650
(512, 1024, 256) 13,540 103.5% 0.654 0.637
Base (1024, 1024, 256) 13,085 100.0% 0.654 0.615
(1024, 512, 256) 13,127 100.3% 0.654 0.617
(1024, 2048, 256) 13,088 100.0% 0.654 0.616
(1024, 1024, 512) 12,028 91.9% 0.655 0.567
(1024, 1024, 1024) 10,091 77.1% 0.655 0.473

(b) Transport Ablation at C=1024

Transport R P TIME_WAIT E (kJ)
Pooled (default) 0.490 0.655 117 / 654 19.5
Fresh per request 0.651 0.655 3,849 / 6,539 23.5
Pool capped to C 0.478 0.655 130 / 637 19.3

Table 11: Concurrency diagnostics. (a) Gemma-3-4B
on XTREME German, mean over nine prompt styles;
B is the client batch size, seq is max_num_seqs and C

the concurrency ceiling. Yield is flat across
max_num_seqs (100.0–100.3%), which never binds
because C caps the engine below every value tested,

and falls only with C (100→ 91.9→ 77.1%). Smaller
batches recover yield above the baseline, consistent
with a shorter interval between batches. Precision is

invariant at 0.654–0.655 throughout while recall tracks
yield, the signature of discarded rather than degraded

outputs. (b) Transport ablation at C=1024 with
TIME_WAIT sockets polled directly (mean / max).

Opening a fresh connection per request restores recall
at unchanged precision while producing 33× more

TIME_WAIT sockets, which rules out ephemeral-port
exhaustion; capping the pool to C does not help, which
rules out surplus idle connections. The failure tracks

connection reuse, at a cost of 4 kJ per run in
handshakes.

caps the engine below every value tested (Ta-
ble 11a). Furthermore, the severity of the drop
depends on whether a run spans more than one
batch, not on model scale. Large datasets requir-
ing multiple batches suffer severe Recall losses

(11–32%), whereas smaller datasets (e.g., Hindi,
which fits into a single batch) experience zero loss.

Isolating the Connection-Reuse Mechanism.
We confirmed this mechanism by comparing the
default pooled transport against a configuration
that forces a new connection for every request,
holding C=1024 constant. Disabling connection
reuse fully restores Recall (from 0.490 to 0.651)
while holding Precision constant, despite generat-
ing roughly 33× more TIME_WAIT sockets (3,849
vs. 117 on average; Table 11b). This rules out
ephemeral-port exhaustion as the bottleneck; cap-
ping the pool to exactly C leaves Recall at 0.478,
ruling out surplus idle connections as well. Failures
therefore stem strictly from stale connection reuse.

Latency, Scale, and Energy Implications. This
client-side failure mode persists across all model
sizes (4B to 70B), maintaining stable Precision
while degrading Recall by 11–24%. It is circum-
vented when the batch size falls below the con-
currency ceiling, as observed in EE and RE tasks
where a batch size of 128 preempts the C=256
limit. Crucially, the fresh-connection transport is a
diagnostic rather than a deployable fix, and its cost
is smaller than it appears: energy rises from 19.5
to 23.5 kJ, but the recovered outputs offset almost
all of it (F1/kJ 27.7 vs. 28.5× 10−3). Concurrency
(C) is therefore not merely a hyperparameter for
maximising throughput; it is a critical system set-
ting that must be carefully co-optimised with batch
size, dataset scale, and network keep-alive con-
figurations to ensure reliable and energy-efficient
evaluation.
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A.13 Comparison with GoLLIE: Fine-Tuned
Specialist vs Zero-Shot Generalist

GoLLIE (Sainz et al., 2024) is a 7B-parameter
model (CodeLLaMA-7B) fine-tuned Specifically
for information extraction using annotated, code-
style supervision. We ran GoLLIE under the same
serving infrastructure and hardware (Configuration
with A100: single GPU) on the German NER split
of XTREAM, enabling a direct comparison.

Quality vs. energy efficiency. Despite requiring
no task-specific fine-tuning, Gemma-3-4b-it outper-
forms GoLLIE on German NER by a substantial
margin (F1 = 0.616 vs. 0.521, +18%) while con-
suming less GPU energy (37,807 J vs. 46,654 J,
−19%). The combined effect is a 50% advan-
tage in quality-per-joule (F1/J: 1.67 × 10−5 vs.
1.12×10−5). GoLLIE does achieve notably higher
throughput (59.8 Tok/s vs. 14.2 Tok/s for Gemma-
3-4b-it), because its code-style output format is
far more compact than the natural-language ex-
planations produced by instruction-tuned models.
However, this latency advantage does not translate
into an energy advantage under our batch-serving
regime, where total joules are dominated by the
prefill cost of the input context rather than the gen-
eration length.

Scaling penalty for large generalist models.
Scaling up the instruction-tuned model beyond 4B
parameters erodes the energy advantage rapidly.
Gemma-3-12b-it and Gemma-3-27b-it reach higher
German F1 scores (0.712 and 0.706, respectively)
but at 65% and 3.3× more energy than GoLLIE,
pushing their F1/J (6.6 × 10−6) well below GoL-
LIE’s. LLaMA-3.3-70B presents the starkest trade-
off: it uses 7.3× more energy than GoLLIE yet
achieves lower F1 (0.471 vs. 0.521), making it
the least energy-efficient option by a wide mar-
gin. These results suggest that for NER on A100
hardware, a compact 4B instruction-tuned model
occupies a Pareto-optimal position that neither fine-
tuned specialists nor Large-scale generalists can
match without task-specific adaptation.

Implications for deployment. The comparison
reinforces a practically important finding: the en-
ergy cost of fine-tuning a specialist model such as
GoLLIE (which is a one-time, offline expense) can
be amortised across many inference calls, but the
per-query Energy at inference time is what dom-
inates in production. Our results show that, at
inference time, a zero-shot 4B model is already

more energy-efficient than a 7B fine-tuned spe-
cialist on the same NER task. If the serving con-
figuration is further optimised using the recom-
mendations in specifically max_num_seqs=512 and
max_new_tokens=100 for NER, the gap widens:
Gemma-3-4b-it would consume an estimated addi-
tional 12–20% less energy, pushing its advantage
over GoLLIE to roughly 2× in F1/J.

A.14 Hyperparameter Optimisation vs
Single-Parameter Sweeps

Parameter Value Mean Jcorr
TP Min Jcorr

TP ∆ vs BL (%)

kv_cache_dtype
auto 4.41 4.34 -15.5
fp8 (BL) 5.22 4.54 0.0

block_size
16 (BL) 5.22 4.54 0.0
32 34.78 5.60 +566.2

enable_prefix_caching
True (BL) 5.22 4.54 0.0
False 4.62 4.52 -11.5

chunked_prefill
True (BL) 5.22 4.54 0.0
False 5.32 4.88 +1.9

enforce_eager
False (BL) 5.22 4.54 0.0
True 6.67 6.55 +27.7

max_new_tokens

50 5.83 5.64 +11.7
100 (BL) 5.22 4.54 0.0
150 28.45 5.17 +445.0
200 27.87 4.36 +433.8

Table 12: One-Parameter-at-a-Time (OPAAT) sweep
results. Baseline (BL) is indicated. ∆ is the relative

change of the mean Jcorr
TP against the baseline.

Hyperparameter Optimal Value
block_size 32
chunked_prefill_enabled False
enable_prefix_caching False
enforce_eager False
kv_cache_dtype auto
max_new_tokens 150
Best Objective (Jcorr

TP ) 4.25 J/TP (-18.6% vs BL)

Table 13: The globally optimal configuration
discovered by the Optuna HPO engine after 56 trials.

Hyperparameter Importance Variance (%)
max_new_tokens 43.1
enforce_eager 21.3
chunked_prefill_enabled 18.0
enable_prefix_caching 10.6
block_size 5.5
kv_cache_dtype 1.5

Table 14: Global parameter importance calculated via
fANOVA over the HPO trial history. Values indicate
the percentage of variance in Jcorr

TP explained by each
parameter.

To minimise the corrected Energy per True Pos-
itive (J/TP ) during inference, we evaluated the
serving configuration of the 4B model using two
distinct search strategies: a One-Parameter-at-a-
Time (OPAAT) sweep and Bayesian Hyperparame-
ter Optimisation (HPO) via Optuna. The OPAAT
approach isolates individual variables against a de-
fault baseline and successfully identifies immedi-
ate efficiency gains. For instance, switching the
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KV cache data type to auto and disabling pre-
fix caching yielded energy reductions of 15.5%
and 11.5%, respectively. However, this isolated ap-
proach obscures critical inter-parameter dynamics
and can lead to flawed conclusions about the utility
of absolute parameters.

The Bayesian HPO strategy overcomes this limi-
tation by exploring the joint configuration space, ul-
timately uncovering a global optimum that reduces
the energy metric by 18.6% relative to the base-
line. Crucially, HPO exposes hidden, non-linear
interactions between variables. A prime exam-
ple is the block_size parameter: in the isolated
OPAAT sweep, setting block_size=32 resulted
in a catastrophic 566% energy penalty. Yet the
HPO engine determined that, when combined with
disabled chunked prefill and an auto KV cache,
block_size=32 is necessary for the most energy-
efficient configuration.

Furthermore, variance analysis (fANOVA) of the
HPO trials completely reordered the assumed hier-
archy of parameter importance. While the OPAAT
sweep suggested that the KV cache data type was
the critical lever for energy savings, fANOVA re-
vealed it accounts for the lowest global importance
(1.5%) across the joint space. Instead, maximum to-
ken limits and enforcing eager execution drove the
vast majority of performance variance. Ultimately,
the HPO search yielded a marginal 3.7% efficiency
gain over the best OPAAT combination. Because
this nominal improvement falls well within the
natural run-to-run variance of GPU telemetry and
workload scheduling, the substantial computational
overhead required for joint optimisation is essen-
tially unjustified.

A.15 Optimal Serving Configurations

Table 15 distils the one-parameter-at-a-time ab-
lation results into eight actionable serving-layer
settings; each row states the recommended value,
its target task scope, and the median energy and
quality-per-energy shifts relative to the shared base-
line configuration.

A.16 Influence of the Formats and Decoding

Table 16 reports, for each task and model, the base-
line F1 and energy under unconstrained JSON de-
coding, along with the best-performing output for-
mat, quantifying the F1 gain and energy change
achieved by switching to the optimal format.

A.17 Comparison of the Architectures and
Distribution Methods

Baseline energy efficiency across hard-
ware architectures. Under a shared base-
line (kv_cache_dtype=fp8, block_size=16,
max_new_tokens=150, batch_size=1024), the
H100 is the more efficient architecture on every
task and scale we measure. For 12B multilin-
gual NER (XTREME) it expends 60,871 J at
F1 = 0.492 against 77,851 J at F1 = 0.507 on the
A100. The margin widens with the smaller models:
the 4B model reaches 0.046 and 0.090F1/kJ for
Event Extraction and African NER (MasakhaNER)
on H100, against 0.039 and 0.071 on A100. At
27B both partitions fall by roughly the same
factor, to 0.012 and 0.031 on H100 and 0.007
and 0.017 on A100, so the relative gap is stable
across scale rather than concentrated at the small
end. The two partitions differ in sample count
and vLLM version, so these ratios are indicative
of the generational difference rather than a
controlled measurement of it. Across tasks, the 4B
model on H100 consistently delivers the highest
F1/kJ, confirming that memory bandwidth and
tensor-core density disproportionately benefit
throughput-bound inference.

Divergent parameter sensitivity between GPU
generations. H100 and A100 respond differently
to serving-layer tuning. KV cache quantisation
shows the clearest contrast: on H100, FP8 is the
better default on all four tasks, saving 1.6–7.4%
energy for +1.7% to +6.9% F1/kJ, with the
gain largest on the two English document-level
tasks. On A100, FP8 similarly benefits EE and RE
but harms MasakhaNER (+11% energy, −14.2%
F1/kJ), likely due to the precision-sensitive to-
ken distributions of morphologically complex lan-
guages. Block size also diverges: H100 penalises
every size above 16, and the penalty grows with
the block (−16% to −22% F1/kJ at 128 on NER,
MasakhaNER and EE), while A100 benefits from
sizes 32 and 64 (+37.9% and +23.5% for EE), re-
flecting generational shifts in paged-attention over-
head. The largest architecture-agnostic lever is
batch_size=256 on the document-level tasks, cut-
ting energy 34.9% and raising F1/kJ by 50.6% on
H100 and 50.4% on A100. It does not generalise
to the sentence-level NER tasks, where the baseline
batch is already 1,024 and reducing it is strongly
negative (−16.6% F1/kJ at 512, −45.9% at 128).
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Parameter Configuration Thermodynamic & Predictive Impact

enable_chunked_prefill = false
(Event Extraction)

Removes the prefill/decode interleave on RAMS’ long, dense prompts.
The largest single gain we measure: saves 42% in Energy(J) for +68%
F1/J, at a cost of 1.0% absolute F1. The effect is EE-specific and does
not transfer to NER, where it is within noise.

batch_size = 256
(EE / RE)

Raises the client batch above the default 128, alleviating memory band-
width contention. Saves 35% in Energy(J) and improves F1/J by 51%,
for 2.2% absolute F1. Positive in all eight task–model cells, the most
reliable setting in the sweep.

max_new_tokens = 200
(Relation Extraction)

Tightens the decode budget from the default 300, bounding complex
reasoning to minimise J/TP. Saves 36% in Energy(J) for +50% F1/J
at 0.4% absolute F1. Tightening further to 150 reaches +92% but costs
5.4% F1.

block_size = 32
(Event Extraction)

Halves the paged-attention block from the default 16. Reduces Energy(J)
by 14% for +21% F1/J with accuracy slightly improved (+0.8%).
Larger blocks are uniformly worse: 64 and 128 raise energy and lower
F1/J on every task.

max_new_tokens = 100
(NER / MasakhaNER)

Eliminates post-extraction over-generation. Lowers J/Gen and reduces
Energy(J) by 4% (XTREME) to 7% (Masakha), for +3.5% and +5.7%
F1/J, with absolute F1 unchanged. On XTREME a 50-token bud-
get does better still (−7% Energy, +8% F1/J), but costs 2.1% F1 on
Masakha.

kv_cache_dtype = auto
(A100 Deployments Only)

Prevents the 20–40% throughput penalty observed with fp8 on the A100.
The H100 result is the reverse: fp8 is the better default there, and forcing
auto costs 2–7% F1/J across all four tasks.

Table 15: Summary of optimal serving configurations and their median thermodynamic/predictive shifts against the
per-task baseline of Table 7. Each parameter cell is paired with the baseline cell sharing its task, model, language
and prompt style before the median is taken, so every comparison is like-for-like. Gains concentrate on EE and RE;

on NER and MasakhaNER no single parameter exceeds +8% F1/J.

Task Model BL F1 Best F1 ∆F1 (%) Best Format BL E (J) ∆E (%)

NER

Gemma-3-4B 0.4492 0.4898 +9.0 DST∅ 31,383 −4.7
Gemma-3-12B 0.4924 0.5175 +5.1 YAML∅

‡ 60,871 −2.1
Gemma-3-27B 0.5089 0.5089 +0.0 JSON∅ 89,476 +0.0
Llama-3.3-70B 0.4625 0.4880 +5.5 JSONxgr 235,019 +2.6

EE

Gemma-3-4B 0.2449 0.2630 +7.4 JSONxgr 5,389 +12.9
Gemma-3-12B 0.1861 0.3238 +74.0§ JSONxgr 5,159 +144.1
Gemma-3-27B 0.3271 0.3271 +0.0 JSON∅ 27,106 +0.0
Llama-3.3-70B 0.3019 0.3114 +3.2 DST∅ 23,067 +25.8

RE

Gemma-3-4B 0.0666 0.0731 +9.7 YAML∅ 24,042 −0.1
Gemma-3-12B 0.1468 0.1479† +0.7† JSONxgr 56,635 −0.4
Gemma-3-27B 0.1784 0.1784 +0.0 JSON∅ 99,909 +0.0
Llama-3.3-70B 0.1507 0.1749 +16.1 DST∅ 102,021 −13.9

Table 16: Cross-task summary: best format and decoding regime per task and model. Baseline (BL) utilises
unconstrained JSON. Best format denotes the highest mean F1 across all evaluated modes. Energy is the whole-run
∆E in Joules, summed over every batch and every GPU the job held. Bold cells mark cases where an alternative
format improves over baseline. Llama-3.3-70B figures come from the corrected TP= 2 reruns; RE figures reflect
the corrected prompt templates, in which every serialisation format receives the same closed relation vocabulary.
†Difference below the resolution of a three-run comparison (Appendix A.4); the two formats are effectively tied.

‡Margin over JSONxgr (0.5116) is 0.006; the two are effectively tied. §

GPU inference cost (J/TP) analysis and cross-
task implications. The Joules per True Positive
(J/TP) metric quantifies extraction cost indepen-
dently of recall–precision trade-offs. On H100,
NER ranges from 4.45 J/TP (4B, DST) to 9.09 J/TP
(27B, DST), and the cost of scale is steep: the 70B
model needs 29.3 J/TP under DST and 44.9 under
unconstrained JSON, six to ten times the 4B fig-
ure. For EE, J/TP varies from 7.22 (4B, DST) to

23.74 (27B, DST), a 3.3-fold spread driven by gen-
eration length rather than extraction quality. On RE,
once every serialisation receives the same closed
relation vocabulary, the format spread closes al-
most entirely: at 12B, unconstrained DST costs
27.5 J/TP against 35.1 for unconstrained JSON, so
the lighter serialisation is in fact the cheaper one per
recovered triple. Ultimately, the H100’s efficiency
advantage concentrates in one regime: deploying
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small models with concise formats for high-volume
extraction, where its compute density absorbs the
decoding overhead at a lower energy tax than the
A100.

A.18 GPU Utilisation and Energy Efficiency
In throughput-bound LLM serving, GPU utilisation
is proxied by the number of concurrent requests
(C). Low C starves the decoding engine, burning
energy without generating tokens. As C increases,
the scheduler keeps tensor cores occupied, amor-
tising per-request overhead. We exploit a concur-
rency sweep (C ∈ {256, 512, 1024}) across hard-
ware configurations to evaluate this relationship via
F1/kJ and J/TP.

Table 17 reports efficiency across concurrency
levels, and the result is not uniform: the benchmark
decides the sign. On MasakhaNER, raising C be-
haves as the utilisation argument predicts. The 4B
model improves from 3.76 to 2.99 J/TP (−20%)
while gaining accuracy (F1 0.430 → 0.458), and
the 12B and 27B models improve by 11% and 11%.
On XTREME the effect reverses. Every model gets
worse: 4B from 5.37 to 7.21 J/TP (+34%), 12B
from 8.50 to 10.51 (+24%), 27B from 13.14 to
14.35, and F1 falls by 0.02 to 0.04 points in each
case. F1/kJ on XTREME peaks at C=256 or 512
and never at 1024.

XTREME runs 10,000 sentences per language
at batch_size=1024, giving nine boundaries per
run; MasakhaNER languages run 996 to 2,235
sentences, giving zero to two, 1.1 on average.
MasakhaNER is therefore close to the clean case
the utilisation model describes, while on XTREME
the apparent energy saving at high C is largely the
energy of requests that were never served. Two
further patterns hold on both benchmarks: energy
savings are largest in the first doubling, from 256
to 512, and the 70B model is the least responsive at
either scale, gaining nothing on MasakhaNER and
12% on XTREME before regressing at C=1024,
as its larger KV cache footprint already occupies
High Bandwidth Memory consistently.

The practical rule is therefore conditional rather
than global. On workloads whose runs fit in one or
two client batches, raise C to the hardware mem-
ory ceiling: the energy savings are real and reach
24% at 4B on MasakhaNER for no loss of accuracy.
On workloads that span many batches, C must be
held at the baseline until the keep-alive mismatch
is corrected, after which the sweep should be re-
peated; the gains currently reported at C=1024 on

XTREME are not attributable to utilisation.

HW Task Mod. C F1 E (kJ) F1/kJ ↑ J/TP↓

H100

XTREME

4B
256 0.449 313.8 1.43×10−3 5.37
512 0.430 291.8 1.47×10−3 5.75

1024 0.406 311.4 1.30×10−3 7.21

70B
256 0.463 2350.2 1.97×10−4 44.87
512 0.433 2055.5 2.11×10−4 39.57

1024 0.425 2033.4 2.09×10−4 46.23

MASAKHA

4B
256 0.430 66.6 6.47×10−3 3.76
512 0.445 51.2 8.70×10−3 2.92

1024 0.458 50.7 9.04×10−3 2.99

70B
256 0.666 666.7 9.99×10−4 31.34
512 0.637 581.2 1.10×10−3 32.52

1024 0.634 649.2 9.77×10−4 34.85

A100

XTREME

4B
256 0.531 606.7 8.76×10−4 21.0
512 0.492 445.1 1.11×10−3 15.2

1024 0.508 402.0 1.26×10−3 13.3

70B
256 0.357 4116.7 8.67×10−5 237.6
512 0.352 2948.0 1.19×10−4 206.4

1024 0.347 2678.0 1.30×10−4 188.1

MASAKHA

4B
256 0.552 115.1 4.80×10−3 6.7
512 0.536 73.1 7.34×10−3 4.9

1024 0.525 61.6 8.52×10−3 5.4

70B
256 0.705 1702.0 4.14×10−4 96.6
512 0.697 1471.7 4.74×10−4 86.3

1024 0.690 1561.6 4.42×10−4 90.1

Table 17: Efficiency metrics across concurrency (C),
tasks, and models, with 4B and 70B shown for both

benchmarks on both partitions. E is the total corrected
energy summed over all languages; J/TP is the median

across languages and prompts. ↑ / ↓ indicates the
desired direction.
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