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Abstract

Changing one word in a prompt can reduce
large language model inference energy by up
to 70%, but no prior work explains why. We
introduce GreenSwap to find out. We run ev-
ery prompt under three conditions: the original
verb (C1), a swapped low-energy verb (C2),
and the original verb with an explicit instruc-
tion to limit the response length (C3). Across
three open-weight models, three task types, and
21,600 inferences, the short-answer instruction
saves more energy and preserves higher quality
than verb swapping in 7 of 9 settings. A token—
energy correlation of » > 0.998 shows that in-
ference energy depends only on output length
and not on which verb was used. Verb swap-
ping saves energy only because it sometimes
makes the model write less, and on long-form
generation it backfires by producing a com-
pletely different and lower-quality response.
Scoped to English instruction-tuned 7-8B mod-
els, our results show that telling the model how
long to respond is simpler, more reliable, and
more energy-efficient than curating verb lists.

1 Introduction

Large language models are now widely deployed
across industries, and their energy footprint dur-
ing inference has become a growing environmental
concern. While training costs have received signifi-
cant public attention, inference dominates the total
operational energy of deployed systems, since ev-
ery user query triggers a full forward pass through
billions of parameters. As model usage scales to
millions of daily queries, even small per-query en-
ergy savings compound into meaningful reductions.
This has motivated a search for lightweight, zero-
modification strategies that reduce inference energy
without altering model weights or architecture.
One promising direction is changing how
prompts are worded. Recent work shows that swap-
ping a single instruction verb, replacing “explain”

with “classify” for instance, can cut inference en-
ergy by up to 70% with no change to model weights
(Adamska et al., 2025). This finding has attracted
attention precisely because it requires no engineer-
ing effort. But it rests on an assumption that has
never been tested: that the verb itself is responsible
for the saving. An equally plausible explanation is
that certain verbs simply happen to elicit shorter re-
sponses, and shorter responses naturally consume
less energy (Samsi et al., 2023). If this second
explanation is correct, then curating verb lists is
unnecessary and practitioners could achieve the
same or greater savings by telling the model di-
rectly how long its answer should be (Nayab et al.,
2026). These two explanations are observation-
ally equivalent in every prior study because none
of them controlled for output length. No exist-
ing work directly compares verb swapping against
an explicit length instruction at the per-inference
level, which means the practical recommendation
of curating verbs or controlling length has never
been grounded in a controlled experiment. Our aim
is not to challenge any single prior study, but to
answer a broader scientific question that applies
across this line of work: whether prompt-level en-
ergy savings arise from lexical choice itself or from
the output length that a given choice happens to
induce.

We introduce GreenSwap, a controlled three-
condition experiment designed to separate these
two explanations, as illustrated in Figure 1. For
every combination of model, verb pair, and input
item, we run three conditions. The first condition
(C1) uses the original high-energy verb. The sec-
ond condition (C2) replaces it with the low-energy
alternative. The third condition (C3) keeps the
original verb but appends an explicit instruction
to respond within the same token budget that C2
naturally produced. If the verb carries an intrin-
sic effect, C2 should use less energy than C3. If
output length is the sole driver, C3 should match
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Figure 1: GreenSwap pipeline. Each combination of
model, pair, and item runs C1, C2, and C3. C3’s budget
N is derived at runtime from C2’s actual output length.
Quality is assessed by a cross-family LLM judge, task-
specific lexical metrics, and a blind human evaluation.

4. Analysis

or outperform C2. This three-way design is the
first to directly pit verb-level prompting against
runtime length control across multiple models and
task types.

Our main contributions are as follows.

* We propose GreenSwap, the first controlled
decomposition of prompt-level energy sav-
ings that isolates lexical verb effects from out-
put length effects through a matched three-
condition design across three models and
three task types, providing the first per-
inference falsification of the lexical hypothe-
sis.

* We show that a token—energy correlation of
r > 0.998 across 21,600 inferences rules out
any residual lexical mechanism, confirming
that inference energy is a near-deterministic
function of output length.

* We demonstrate that explicit length instruc-
tions (C3) are Pareto-dominant over verb
swapping (C2) in 7 of 9 model-task settings,
saving more energy while preserving or im-
proving answer quality.

* We show that verb swapping degrades output
quality on long-form generation tasks by pro-
ducing semantically different responses rather

than shorter correct ones, confirmed by both
an automated judge and a blind human evalu-
ation (k = 0.83).

* We introduce the compliance ratio as a practi-
cal diagnostic that explains model-dependent
outcomes and establishes compliance auditing
as a necessary step before deploying length-
based interventions.

2 Related Work

The environmental cost of LLM inference has
grown alongside model deployment at scale.
Strubell et al. (2019) first quantified the energy
cost of NLP training, and Luccioni et al. (2023) and
Bannour et al. (2021) extended these measurements
to inference, showing it dominates total operational
energy in deployed systems. Samsi et al. (2023)
further demonstrate that autoregressive token gen-
eration accounts for the vast majority of per-query
energy, establishing output length as the primary
axis along which inference cost can be reduced.
Patterson et al. (2021) and Schwartz et al. (2020)
situate these findings within a broader sustainabil-
ity agenda for Al research, calling for lightweight
strategies that reduce inference cost without sacri-
ficing task performance.

Several strategies reduce inference cost without
modifying model weights. Model quantization re-
duces memory and compute requirements at the
cost of small quality degradation (Dettmers et al.,
2022). Speculative decoding accelerates generation
by using a smaller draft model to propose tokens
that a larger model then verifies (Leviathan et al.,
2023). Prompt compression reduces the number
of input tokens processed per query (Jiang et al.,
2023). Our work is orthogonal to all three: we
target output length through prompt-level instruc-
tions rather than altering the model, the decoding
algorithm, or the input. These approaches can be
combined with GreenSwap for further savings.

Adamska et al. (2025) provide the most direct
precedent for our work, systematically measuring
per-verb energy across three tasks and three 7B
models and reporting per-keyword energy rankings
from which we construct our verb pairs. Rubei et al.
(2025) complement this picture by showing that
prompt engineering techniques targeting code gen-
eration can reduce the carbon emissions of Llama
3 on the CodeXGLUE benchmark. Both studies
establish that prompt wording affects inference en-
ergy, but neither can determine whether this effect
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is intrinsically lexical or simply a consequence of
eliciting shorter outputs, as their designs cannot
separate the two explanations. Our three-condition
design is built specifically to falsify the lexical hy-
pothesis.

Nayab et al. (2026) show that explicit length
constraints in prompts reduce token generation
while preserving or improving task accuracy, pro-
viding the motivation for our C3 condition. Han
et al. (2025) similarly compress reasoning-chain
length via prompt-level token budgets, but find
that compression effectiveness depends critically
on the chosen budget size, a dynamic we character-
ize directly through our compliance ratio. Poddar
et al. (2025) benchmark response length across 12
decoder-only LLMs and find that models routinely
generate responses far longer than necessary, moti-
vating output-length control as a general efficiency
lever. Li et al. (2024) propose generation directives
that guide the autoregressive decoding process it-
self to reduce the carbon footprint of LLM infer-
ence, an alternative locus of control to the prompt-
level interventions we study. Zhou et al. (2023)
document that models comply with such instruc-
tions inconsistently across families and task types,
a finding that directly foreshadows our compliance-
ratio results. These lines of work are correlational
and share a fundamental limitation: they cannot
determine whether energy savings are driven by
the prompt wording itself or by its effect on output
length. GreenSwap is the first design to separate
these accounts at the per-inference level.

We use a cross-family LLM judge to assess
output quality across 21,600 inferences at a scale
where human evaluation alone would be imprac-
tical. Zheng et al. (2023) introduce the LLM-as-
judge paradigm and show it correlates well with
human preferences on open-ended generation tasks.
Wang et al. (2024) identify verbosity and concise-
ness biases in LLM judges, a concern directly rel-
evant to our setting since our rubric structurally
favors shorter outputs. We mitigate this through a
cross-family judge, fixed JSON-structured prompts,
lexical backup metrics, and a blind human evalua-
tion, following best practices from both studies.

3 Methodology

3.1 Three-Condition Design

For each combination of student model m, verb
pair p, and input item x, we generate three outputs
under a fixed prompt template (Appendix C).

C1 (original verb). The prompt uses a high-
energy verb v, from Adamska et al. (2025): “v, the
answer to the following question” for QA and gen-
eration, or “v, the sentiment as positive or negative”
for sentiment.

C2 (green verb). Identical to C1 with v, replaced
by the low-energy alternative v,. No other change
is made.

C3 (length-instructed). Identical to C1 with the
suffix “Answer in /N tokens or fewer” appended,
where N = max(5, median(7.¢2)); the floor of 5
prevents degenerate budgets on single-token tasks.
C3 is a length-requesting condition, not a hard-cap
baseline: compliance varies substantially across
model families (p = 0.35-0.84; Section 4.5), and
the C2-vs-C3 ordering is fully predicted by this
deviation (Section 5.4). We emphasize that C3 is
not proposed here as a novel prompting technique;
it serves as a controlled baseline that isolates the ef-
fect of output length from the effect of verb choice.
Its purpose is diagnostic rather than prescriptive: if
verb identity carried an intrinsic effect independent
of length, C2 would be expected to outperform C3
on energy.

If verb identity has an intrinsic effect, C2 should
use less energy than C3; if output length is the sole
driver, C3 should match or outperform C2.

3.2 Verb Pairs, Datasets, and Models

We construct 24 verb pairs (8 per task) using the
per-keyword energy rankings reported in Adamska
et al. (2025) Table II (Appendix B). Three pairs
appear in both QA and Generation, enabling cross-
task replication (Section 5.3).

Datasets are three public benchmarks (50 vali-
dation items each): TriviaQA (Joshi et al., 2017)
(rc.nocontext) for QA, ELIS (Fan et al., 2019)
via KILT (Petroni et al., 2021) for generation,
and SST-2 (Socher et al., 2013) from GLUE
(Wang et al., 2018) for sentiment. These rep-
resent low, high, and near-zero output-length
headroom respectively. Total student inferences:
150x8x3x2x3 = 21,600.

Student models are three instruction-tuned
7-8B models served via Ollama with Q4_K_M
quantisation: gwen2.5:7b, 1lama3.1:8b,
and mistral:7b-ve.3. All inferences use
temperature=0, seed=42, num_ctx=2048,
and num_predict=512. The judge is
gemma2:9b-instruct-q4_K_M, chosen from
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a different model family to reduce intra-family
bias (Wang et al., 2024).

3.3 Measurement and Quality Assessment

Energy is measured with CodeCarbon (Lottick
et al., 2019) in process mode at 0.5 s sampling
(median of 2 runs per cell). We report AEy/y =
(Ex — Ey)/Ey x 100%; negative values indicate
lower energy for X.

Quality uses three signals: (1) a Gemma 2 9B
LLM judge on a 1-5 rubric; (2) lexical metrics
(token F1 for QA, label accuracy for SST-2); and
(3) a blind human evaluation on 100 generation
outputs (Section 4.8).

Rubric limitation. The rubric structurally
favors shorter outputs:  correct+verbose =3,
correct+concise =4. All C3 judge improvements
therefore reflect conciseness alongside correctness.
Lexical metrics and the human evaluation serve as
rubric-free checks throughout.

3.4 Statistical Analysis

We compare conditions at the per-inference level
using the Wilcoxon signed-rank test, a non-
parametric test suited to paired energy measure-
ments that do not assume normality. We use
n = 400 paired observations per model—task stra-
tum (50 items x 8 verb pairs) and apply Holm—
Bonferroni correction across all 27 contrasts (9
model—task cells x 3 condition pairs) to control
the family-wise error rate.

Effect sizes are reported as Cliff’s ¢ (Cliff, 1993),
which measures the probability that a randomly
drawn observation from one condition is larger than
one from another. We follow the standard threshold
of |§| > 0.474 for a large effect. We set v = 0.05
throughout. Full test results with effect sizes for all
27 contrasts are in Appendix G.

4 Results
4.1 Headline Results

The pipeline ran without errors; truncation
rate was 1.44% (C1 long-form outputs hitting
num_predict=512). Table 1 presents per-(model,
task) energy and quality results; Figure 2 shows
bootstrap confidence intervals.

4.2 Task-Specific Pattern

QA. All three models save 41-58% energy with
C2; judge scores are statistically unchanged (p =
0.56-0.63, ns), and Token F1 is stable or improved

under C2 (Table 3), corroborating the result with a
rubric-free metric. C3 saves more (58-81%) with
judge gains of +0.28 to +0.53 (conciseness + cor-
rectness; see rubric note). QA is the only task
where C2 constitutes a strict Pareto improvement.

Generation. C2 saves 29-67% energy but drops
judge mean by —0.21 to —1.04 (all p < 1079).
Classify and translate shift the type of response
rather than its length: the model produces a topic
label or paraphrase instead of an explanation (Ap-
pendix E). C3 saves 42—84% energy and preserves
quality; blind human evaluation corroborates C3’s
correctness advantage (Section 4.8).

Sentiment. Responses are already approximately
one word, leaving no headroom for verb-driven
compression. C2 saves only 2—6% with no qual-
ity change (p = 0.37-0.57, ns); SST-2 accuracy
is stable across all conditions (>0.945, Table 3),
confirming no correctness loss.

4.3 Falsification Test: C2 vs. C3

Figure 3 shows per-cell A Ecyc3 distributions. For
Qwen, C3 wins in 98-100% of cells because Qwen
under-shoots its budget (p = 0.35). For Llama QA,
the result is a statistical tie (6 = +0.03) because
Llama complies near-perfectly (p = 0.95) — pre-
cisely the signature of a length-mediated effect. For
Llama Generation, C2 wins on energy in 77.5% of
cells (0 = —0.55, p = 1.53) but at a —1.04 judge-
score cost confirmed by human raters, making it
a Pareto loss. For Mistral, C3 wins in 65-90% of
cells. Two contrasts are non-significant: A Ecy/ci
on Qwen Sentiment (p = 0.011, § = —0.10) and
AFEcyc3 on Llama QA (6 = +0.03, tie).

4.4 Token-Energy Correlation

Pearson r = 0.9996 (Qwen), 0.9981 (Llama),
0.9996 (Mistral) across all 21,600 inferences (Fig-
ure 4), leaving less than 0.4% of energy variance for
any residual lexical effect. This near-deterministic
relationship is consistent with prior work (Samsi
et al., 2023); our contribution is leveraging it to
falsify the lexical hypothesis through the matched
C2/C3 design. This near-deterministic relationship
follows directly from how autoregressive decoding
works: each additional output token requires one
more forward pass through the full model, so total
inference cost scales essentially linearly with the
number of tokens generated, regardless of which
verb triggered that generation.
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Tok. (med.)
C1 C2

Model Task AEcz/a

AEc3ici

C3 wins
(%)TT

Judge (1-5)"

AFEcucs e
Cl C2 C3

Qwen257B QA 116 59 —47.5%* —80.9%* +181.6%*
374 130 —55.0%* —84.0%* +155.5%%*

Qwen 2.57B Gen

98% 2.67 2.69 2.95%
8% 4.16 3.13* 3.76*

Qwen2.57B Sent 61 57  —24%° —69.2%* 4+217.3%* 100% 3.49  3.51 3.95%
Llama3.1 8B QA 83 38 —582%* —58.2%*  +3.3%* 51% 296 293 3.49%
Llama 3.1 8B Gen 383 104 —66.6%* —48.0%* —34.5%* 22% 3.49 2.46% 3.72%
Llama 3.1 8B Sent 64 60 —63%* —53.0%* +95.1%* 9% 3.69 3.68 3.88%
Mistral 7B QA 110 63 —41.4%* —66.5%* +64.8%* 86% 2.59  2.62 2.90%
Mistral 7B Gen 330 204 —29.4%* —42.3%* +15.1%* 65% 3.94 3.73% 3.88%
Mistral 7B Sent 57 49  —5.1%* —385%* +46.2%* 89% 3.50 3.59** 3.78%

Table 1: Per-(model, task) results (n = 400 per row). AEy, y: median % energy change of X relative to Y;
*p < 0.001, **p < 0.01, ¥p < 0.05 (Holm—Bonferroni). TC3 wins (%): fraction of cells where C3 uses strictly
less energy than C2. TRubric favors conciseness (Section 3.3); bold C3 = significantly better than C1 (p < 0.05);

C2* = significantly worse than C1.
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Figure 2: Median AFE (%) per (model, task) with bootstrap 95% CIs (n = 400, 500 resamples). Green: C2 vs C1
(verb swap); orange: C3 vs C1 (length instruction); gray: C2 vs C3 (positive = C3 uses less energy; negative = C2

uses less energy).

4.5 Length-Budget Compliance

The compliance ratio p = TO(CS) /N measures ad-
herence to the prompted budget (p = 1 perfect;
p < 1 under-shoot; p > 1 over-shoot). Table 2
and Figure 5 reveal three distinct regimes. Qwen
severely under-shoots (p = 0.35), Llama over-
shoots on generation (pgen = 1.53), and Mistral is
intermediate (p = 0.73). These regimes directly
predict the C2-vs-C3 energy ordering (Section 5.4).

4.6 Answer Quality

Table 3 combines judge scores with lexical met-
rics. Token F1 values are low in absolute terms
owing to the open-ended TriviaQA format (no re-
trieval context); relative differences between con-

Model p Mean p<0.5 p>1.0
Qwen257B 035 038 84.7% 0.7%
Llama 3.1 8B 0.84 1.16 23.6% 40.1%
Mistral 7B 0.73 074 21.8% 18.2%

Table 2: Length-budget compliance (n = 1,200 each).
p: median actual / prompted tokens. Llama’s mean >1
is driven by generation over-shoot (pgen = 1.53).

ditions are the relevant signal. C2 substantially
degrades quality on Generation despite large en-
ergy savings. For QA, Token F1 improves under
C3 (e.g., 0.033—0.167 for Qwen), confirming cor-
rectness gains independent of the rubric. SST-2
accuracy is stable across all conditions (>0.945).
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Figure 3: Per-cell AFEcyc3 (%) distributions (n = 400 per panel); red dashed line = falsification boundary
(positive = C3 wins; negative = C2 wins). Qwen sits entirely above zero; Llama Generation sits below (energy win at

—1.04 judge-score cost); Mistral spans both regions.
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Figure 4: Output tokens vs. energy (mWh) across 21,600 inferences (800-point subsample; colored by condition).

Pearson r» > 0.998 rules out residual lexical mechanisms.

4.7 Energy-Quality Pareto

C3 is Pareto-dominant in 7 of 9 cells under
our conciseness-weighted judge (Figure 7, Ap-
pendix F). The exception is Qwen Generation,
where severe budget under-shoot (p = 0.35) causes
over-compression (—0.39 quality vs. C1) — a com-
pliance artifact rather than a failure of the length-
control strategy. C2 is Pareto-improving over C1
only on QA tasks.

4.8 Human Evaluation Validation

To validate the automated judge, three graduate-
level annotators blind to condition labels, energy
measurements, and judge scores ranked 100 gen-
eration outputs by factual correctness and instruc-
tion adherence (randomised order, ties permitted).
The reported x = 0.83 reflects agreement be-
tween the aggregate human condition ordering and
the judge’s ordering, serving as cross-validation

of the judge’s directional reliability rather than a
human-human IAA estimate. C3 outputs preserved
the semantic correctness of C1; C2 outputs fre-
quently substituted topic labels for explanations,
confirming that the quality degradation is human-
perceptible and not a rubric artifact.

S Analysis
5.1 Verb Effect Is Length-Mediated

Three observations falsify the lexical hypothesis.
First, » > 0.998 on every model leaves less than
0.4% of energy variance for lexical effects. Second,
when compliance is high (Llama QA, p = 0.95),
C2 and C3 produce statistically indistinguishable
energy (6 = +0.03); when it deviates, the C2-vs-
C3 ordering follows the deviation direction exactly.
Third, the C2 effect collapses on sentiment (—2 to
—6%) where outputs are already one word, remov-
ing all compression headroom.
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_5)t :
Model Task Judge (1-5) QA Token F1 SST-2 Ace.
Cl C2 C3 C1/C2/C3 Cl1/C2/C3
Qwen2.57B QA 267 269 295 0.033/0.058/0.167 —
Qwen2.57B Gen 4.16 3.13* 376" — —
Qwen2.57B Sent 3.49 351 395 — 0.970/0.950 / 0.970
Llama3.18B QA 296 293 3.49° 0.099/0.125/0.170 —
Llama3.1 8B Gen 3.49 246° 372" — —
Llama3.1 8B Sent 3.69 3.68 3.88° — 0.975/0.960 / 0.973
Mistral 7B QA 259 262 2.90* 0.034/0.059/0.138 —
Mistral 7B Gen 3.94 3.73* 3.88% — —
Mistral 7B Sent 3.50 3.59** 3.78* — 0.950/0.955/0.945

Table 3: Quality results. TRubric favors conciseness (Section 3.3); bold C3 = significantly better than C1 (p < 0.05);
C2*/C2** = significantly worse/better than C1; IC3 significantly worse than C1. Token F1 absolute values are low
due to open-ended TriviaQA format; relative differences are the relevant signal. SST-2 accuracy stable (>0.945)

across all conditions.

5.2 Why C2 Fails

The mechanism behind this contrast is straightfor-
ward: C3 preserves the original task instruction
and only adds a length constraint, so the model still
attempts the same task, just more concisely. C2, in
contrast, changes the task itself through verb sub-
stitution, which can alter the model’s understood
objective and, in the worst cases, prevent it from
completing the intended task at all.

The ~1.0-point judge drop on C2 Generation is
not a rubric artifact. Verbs like classify and trans-
late trigger a semantic substitution: under classify,
Llama replies “This question can be classified as:
Science / Atmospheric Physics” (18 tokens, judge
1) instead of a full ELI5 explanation (/<400 tokens,
judge 4; Appendix E). Blind human raters con-
sistently ranked C2 Generation outputs lowest on
correctness, confirming the degradation is human-
perceptible.

5.3 Cross-Task Replication

Three verb pairs appear in both QA and Generation.
measure— classify shows near-zero AFE on QA but
—74 to —81% on Generation, confirming that verb
attribution depends entirely on output-length head-
room, not on verb identity. Full cross-task values
are in Table 4. Figure 8 in Appendix F disaggre-
gates AFEcycy across all 24 verb pairs and three
models, showing that QA and Generation rows are
predominantly energy-reducing while Sentiment
TOWS are near-zero.

5.4 Compliance Drives the C2-vs-C3 Outcome

Under-shoot (p < 1) implies C3 wins on energy;
near-perfect compliance implies a tie; over-shoot
(p > 1) implies C2 wins on energy but not qual-
ity. This monotone mapping fully accounts for the
model-stratified pattern without invoking any lexi-
cal effect. Notably, Qwen’s C3 advantage is partly
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Pair QA Generation
Qwen Llama Qwen Llama
analyse—classify —66.8% —73.5% —83.9% —80.9%
analyse—translate —76.8% —88.3% —45.8% —49.8%
measure—sclassify +7.3% —14.8% —74.1% —81.1%

Table 4: Cross-task A Fcyc; for three shared verb pairs.

The pair measure—>classify shows near-zero savings on

QA but up to —81% on Generation, confirming that verb attribution depends on output-length headroom, not verb

identity.

a compliance artifact: Qwen ignores the budget and
produces outputs shorter than C2 elicits, so C3’s
wins for Qwen reflect under-shooting rather than
the length instruction alone. Practitioners should
audit p and prefer hard API token caps where avail-
able.

5.5 Practitioner Guidance

¢ Prefer hard API token caps over natural-
language length instructions when avail-
able. Hard caps (e.g., max_tokens) give re-
liable, model-independent control, whereas
prompt-level instructions like C3 are subject
to model-dependent compliance (Section 4.5),
especially for smaller models.

e Otherwise, default to explicit length in-
structions (C3). They save more energy and
preserve quality in 7 of 9 cells, and remain the
best available option when hard API caps are
not exposed.

* Use C2 on QA-style tasks only. Verb swap is
a strict Pareto improvement on QA: 41-58%
energy savings, no quality loss under judge or
lexical metrics.

* Avoid C2 on long-form generation. Energy
savings of ~67% come at the cost of a seman-
tically different, lower-quality answer con-
firmed by human raters.

* Audit compliance before deploying C3.
Qwen under-shoots by 65%; Llama over-
shoots by 53% on generation. Tune N ac-
cordingly.

Figure 6 summarises all five metrics per model in a
normalised radar layout. Qwen achieves the highest
C3 energy savings but has the lowest compliance,
reflecting budget under-shoot. Llama has the best
compliance but the lowest energy savings, with an
unbalanced profile. Mistral is the most balanced

model across all five axes, making it the closest to
an all-round efficient configuration.

6 Discussion

The token—energy correlation of » > 0.998 con-
firms that verb-swap energy savings are driven en-
tirely by shorter outputs, not by anything intrinsic
to the verb. The effect reported by Adamska et al.
(2025) is reproducible on consumer hardware but is
not an independent lexical mechanism, shifting the
practical recommendation from verb curation to
direct length control. C3 quality improvements re-
flect conciseness alongside correctness and should
not be read as pure accuracy gains; the human eval-
uation (x = 0.83) confirms the quality ordering is
genuine and not a rubric artifact. Our main claim
is not that C3 improves quality over C1, but that
it maintains or improves quality while using sub-
stantially less energy. In contrast, C2 often reduces
quality on generation tasks despite saving energy.
At scale, a 50% energy reduction at one million
daily queries amounts to roughly 50 kWh per day,
meaningful at production scale even if negligible
per query. These findings are scoped to English
instruction-tuned 7-8B quantised models on a sin-
gle consumer GPU; datacenter batching and larger-
scale models may shift absolute energy values, but
are unlikely to alter the fundamental token—energy
relationship or the compliance dynamics identified
here.

7 Conclusion

We asked whether verb-swap energy savings in
LLM inference stem from the verb itself or simply
from shorter outputs. GreenSwap answered this
through a controlled three-condition experiment
across three models, three tasks, and 21,600 infer-
ences. A token—energy correlation of » > 0.998
rules out any intrinsic lexical effect: the verb does
nothing on its own. Explicit length instructions out-
perform verb swapping in 7 of 9 settings on both
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Figure 6: Per-model radar charts across five normalised metrics: energy saved by C3, energy saved by C2, C3 judge
quality, QA Token F1 under C3, and compliance (1 — |5 — 1|, higher = closer to perfect adherence). Qwen saves the
most energy but under-shoots its budget. Llama has the best compliance but the lowest energy savings. Mistral is

the most balanced across all five axes.

energy and quality, and verb swapping backfires on
long-form generation by producing semantically
wrong responses. These findings shift the practical
recommendation from curating verb lists to control-
ling output length directly, which is simpler, more
reliable, and more broadly applicable. Two direc-
tions follow naturally from this work. First, future
studies should evaluate hard API token caps as a
fourth condition and test whether compliance dy-
namics generalise to larger models and datacenter
hardware. Second, the compliance ratio introduced
here could serve as a general diagnostic for any
prompt-level intervention that relies on models fol-
lowing length or format instructions.

8 Acknowledgment

We used Al assistance for paraphrasing support
during the writing of the manuscript.

Limitations

Hardware scope. All experiments ran on a sin-
gle Q4-quantised consumer 8 GB GPU. Absolute
energy numbers should not be extrapolated to data-
centre hardware, where batching and tensor-core
effects shift the relative costs of prompt processing
vs. generation.

Judge rubric conciseness bias. As detailed in
Section 3.3, the rubric structurally advantages
shorter outputs. Quality improvements for C3
should be read as “at least as correct, and more
concise” rather than as pure correctness gains. The
blind human evaluation (Section 4.8) partially miti-
gates this concern for generation outputs, where no
lexical reference metric exists.

Single judge. One judge model (Gemma 2 9B)
is used. LLM-as-judge is sensitive to verbosity
bias and rubric interpretation (Zheng et al., 2023;
Wang et al., 2024). Mitigation strategies include the
cross-family judge, fixed JSON-structured prompts,
lexical backup metrics, and the blind human evalu-
ation.

Human evaluation scope. The blind human eval-
uation covers 100 generation outputs annotated
by graduate-student raters who were not shown
judge scores or condition labels during annotation
(Section 4.8). QA and sentiment outputs were not
evaluated by human raters given the availability of
exact-match and accuracy metrics for those tasks.
The annotator pool (graduate students at a single
institution) may not represent diverse reading stan-
dards, and n = 100 limits per-pair statistical power.
Future work should include a larger-scale crowd-
sourced study with pre-registered correctness-only
annotation guidelines and multiple independent an-
notator pools.

Item count. Fifty items per task yields high sta-
tistical power at the (model, task) level but limits
per-pair analysis, with approximately 6 items per
(pair, task) cell.

C3 operationalisation. C3 uses a prompt-level
instruction rather than a hard API num_predict
cap, constituting a length-requesting rather than a
length-enforcing condition. The compliance results
(Section 4.5) show substantial model-level devia-
tion: p = 0.35 for Qwen and p = 1.53 for Llama
on generation. Importantly, Qwen’s C3 energy ad-
vantage over C2 is partly driven by under-shooting
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the target budget rather than by the length instruc-
tion per se, which limits the clean interpretation of
C3 as a controlled baseline for that model. Future
work should evaluate a hard API cap as a fourth
condition and examine sensitivity to the Npjn, = 5
floor (Zhou et al., 2023).

Verb scope. All 24 word pairs were selected from
the Mistral-7B rankings reported by Adamska et al.
(2025). Broader coverage, multilingual verbs, and
chain-of-thought prompts remain open.

Prompt-factor scope. This work focuses specifi-
cally on instruction verbs and explicit length con-
straints as prompt-level levers on inference energy.
Other prompt factors — reasoning prompts, format-
ting instructions, system prompts, and retrieval-
augmented prompting — are outside this scope and
are left to future work.

Generalisation. Findings are scoped to En-
glish instruction-following on instruction-tuned Q4-
quantised 7-8B models. Base models, larger scales,
and proprietary APIs may differ, particularly in
their compliance behavior with prompt-level length
instructions.

Ethical Considerations

This work aims to reduce LLM inference energy,
with direct environmental benefits. We use only
publicly available open-weight models and stan-
dard public benchmarks; no private or personally
identifiable data was collected or used. The blind
human evaluation involved rating model-generated
text only; no personal information was collected
from evaluators. We do not anticipate dual-use con-
cerns beyond those inherent in LLM inference. All
artifacts are released for scientific replication.
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Appendix
A Pipeline Integrity

Table 5 summarises pipeline integrity across all
21,600 student inferences and 10,800 judge calls.
No errors occurred and the overall truncation rate
was 1.44%, consistent with the C1 long-form out-
puts occasionally hitting the 512-token student cap.

Model Cells Errors Trunc. (%)
Qwen 2.5 7B 1,200 0 0.94
Llama 3.1 8B 1,200 0 2.01
Mistral 7B v0.3 1,200 0 1.36
Total 3,600 0 1.44

Table 5: Pipeline integrity across 21,600 student infer-
ences. Judge phase: 10,800 calls, 10,800 valid scores
(0 invalid). All truncations are C1 long-form outputs
hitting num_predict=512.

B Full Verb Pair Cross-Reference

Table 6 lists all 24 verb pairs used in the study, eight
per task, constructed from the per-keyword energy
rankings reported in Adamska et al. (2025) Table II.
Three pairs (Q03/G01, Q04/G02, Q05/G05) appear
in both QA and Generation, enabling the cross-task
replication analysis in Section 5.3.

C Prompt Templates

This appendix lists the exact templates used for
student inference and for the LLM judge across all
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ID Task v, Vg ID Task v, Vg ID Task wv, Vg

Q01 QA  justify classify GO0l Gen analyse classify SO01 Sent identify provide
Q02 QA  justify translate  GO2 Gen  analyse translate  SO02 Sent identify summarize
Q03 QA  analyse classify G03 Gen recommend classify S03 Sent explain provide
Q04 QA  analyse translate GO4 Gen recommend translate S04 Sent explain analyse
Q05 QA  measure classify G05 Gen measure classify S05 Sent  build provide
Q06 QA  measure write G0O6 Gen  measure translate  S06 Sent  build summarize
Q07 QA  create classify G07 Gen report classify S07 Sent classify provide
Q08 QA  explain  write GO08 Gen report translate  SO8 Sent classify analyse

Table 6: 24 verb pairs (8 per task), constructed from the per-keyword energy rankings in Adamska et al. (2025)
Table II: each v, is drawn from the high-energy end and each v, from the low-energy end of that ranking for the
same task. Pairs Q03/G01, Q04/G02, Q05/G05 are cross-task replication pairs.

three task types. The C3 length-instruction suffix is
appended verbatim with /N substituted at runtime.

C.1 Student Prompts
QA / Generation:

{Verb} the answer to the
question.

Question: {question}

following

Sentiment:

{Verb} the sentiment of the following
review as positive or negative.
Review: {text}

C3 suffix (appended before the question/review
field):

Answer in {N} tokens or fewer.

C.2  Judge Prompt (QA / Generation)

You are an expert evaluator. Score the model
response on a 1-5 scale.

1 = incorrect or irrelevant

2 = partially correct, major issues

3 = correct but verbose or minor issues

4 = correct and reasonably concise
5 = correct, concise, complete
Question: {question}

Reference Answer: {reference}
Model Response: {response}
Return ONLY: {"score”: <1-5>,
"<one sentence>"}

"reason”:

C.3 Judge Prompt (Sentiment)

You are an expert evaluator for sentiment classifi-
cation. Score 1-5.

1 = wrong sentiment or nonsense

2 = ambiguous

3 = correct but excessively elaborated
4 = correct with appropriate brevity

5 = correct, very concise

Review: {text}

Gold Sentiment: {label}

Model Response: {response}

Return ONLY: {"score”: <1-5>,
"<one sentence>"}

"reason”:

D Hyperparameter Configuration

Table 7 lists all hyperparameters used for student
and judge inferences. All values are held con-
stant across conditions to ensure that observed en-
ergy and quality differences are attributable to the
prompt manipulation alone.

Parameter Value
Quantisation Q4_K M
temperature 0

seed 42
num_ctx 2,048

num_predict
Runs per condition
Min C3 budget (Nmin) 5 tokens

CodeCarbon mode process

CodeCarbon sampling  0.5s

Warm-up inferences 1 per model (excluded)

512 (student) / 120 (judge)
2 (median aggregation)

Table 7: Hyperparameters for all student and judge
inferences.

E Sample Model Outputs

We provide three representative examples span-
ning the three observed behavioral regimes: a strict
Pareto improvement on QA, a quality failure on
long-form generation, and a no-op on sentiment.

(a) Strict Pareto improvement — Qwen QA, Q01
(justify—-classify).

* C1: “The Mona Lisa was painted by
Leonardo da Vinci, as documented extensively
in historical records. .. ” (118 tokens, judge
3)

* C2: “Leonardo da Vinci.” (4 tokens, judge 3)
* C3: “Leonardo da Vinci.” (S tokens, judge 4)

(b) Quality failure — Llama Generation, G01
(analyse—classify).
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* C1: Full ELIS-style explanation, approxi-
mately 400 tokens, judge 4.

* C2: “This question can be classified as: Sci-
ence / Atmospheric Physics.” (18 tokens,
judge 1)

* C3: Shorter but correct explanation, approxi-
mately 180 tokens, judge 4.

(c) Sentiment no-op — Qwen Sentiment, S01
(identify—provide).

* C1: “Positive.” (1 token, judge 4)
* C2: “Positive.” (1 token, judge 4)
* C3: “Positive.” (1 token, judge 5)

F Energy—Quality Pareto and Per-Pair
Heatmap

Figure 7 places every (model, task, condition) ag-
gregate on the energy—quality plane; C3 is Pareto-
dominant in 7 of 9 cells.

5.0
« less energy Condition
s Il C1 original
= Il C2 verb swap
0 » mm C3 lengtil@ap
< 404 A m
5 A_H
§ o B AN A A
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5 3.0 [0) e ® -
g @ ® Task @
2.5 4 S
S m o o o
§ @ Generation
20 - § A Sentiment
T T T ' i
-100  -80  -60  -40  -20 0

Median AE vs C1 (%)

Figure 7: Energy—quality Pareto plot; left = less energy,
up = higher quality. C3 dominates C1 and C2 in most
cells; C2 on Generation falls lower in quality than C1
despite saving energy.

Figure 8 disaggregates A Ecy/c to the per-(pair,
model) level. QA and Generation rows are pre-
dominantly energy-reducing; Sentiment rows are
near-zero. The single anomalous increase is Q07
on Llama (+205%), reflecting a model-pair interac-
tion where classify elicits more tokens than create
on this TriviaQA template.

G Full Statistical Test Results

Table 8 reports the full Wilcoxon signed-rank test
results for all 27 contrasts (9 model-task cells x 3
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Q03

< Qo4 100
=4 Qo5
Qo6 75
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Qo8 L 50
GO1 —_
G02 g
25 o
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Figure 8: Per-pair median A Ecyc; heatmap (green =
reduction; red = increase). QA and Generation mostly
green; Sentiment near-zero; Q07 (Llama) is the single
anomalous red cell (+205%).

condition pairs), including median AE and Cliff’s
¢ effect size. All contrasts remain significant at
a = 0.05 after Holm—Bonferroni correction ex-
cept two: Qwen Sentiment A Fcyc (p = 0.011,
6 = —0.10, small effect) and Llama QA A Eco/c3
(0 = +0.03, statistical tie), both noted in Sec-
tion 4.3. The remaining 25 contrasts all reach
p < 0.005 after correction, with 19 of 27 show-
ing large effects (|0] > 0.474). Effect sizes are
consistently larger for C3 vs C1 than for C2 vs C1
across all model—task cells, reflecting C3’s stronger
and more reliable energy reduction. The C2 vs
C3 column shows the falsification test: positive
values indicate C3 wins on energy, negative val-
ues indicate C2 wins. For Llama Generation, C2
wins on energy (§ = —0.55) but at a —1.04 judge-
score cost, making it a Pareto loss as discussed in
Section 4.2.

H Reproducibility Checklist

* Hardware: single consumer GPU with 8 GB
VRAM, all models served via Ollama. Run-
time was approximately 13.3h per student
model (40 h total) plus 5 h for judge inference,
giving roughly 45 h end-to-end.

* Software: Python 3.10+, Ollama 0.4+, Code-
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AFEcuct AEc3c1 AFEcycs

Model Task Med d Med 1 Med 1
Qwen 2.5 QA —47.5% —0.60 —80.9% —0.99 +181.6% +0.96
Qwen 2.5 Gen —55.0% —0.94 —84.0% —0.99 +155.5% +0.96
Qwen 2.5 Sent —2.4% —0.10 —69.2% —1.00 +217.3% +1.00
Llama 3.1 QA —58.2% —0.46 —58.2% —0.54 +3.3% +0.03
Llama 3.1 Gen —66.6% —0.73 —48.0% -0.71 —34.5% -0.55
Llama 3.1 Sent —6.3% —0.27 —53.0% —1.00 +95.1% +0.97
Mistral QA —41.4% —0.66 —66.5% —0.96 +64.8% +0.72
Mistral Gen —29.4% -0.75 —42.3% —0.65 +15.1% +0.30
Mistral Sent —5.1% —0.15 —38.5% —0.80 +46.2% +0.79

Table 8: Wilcoxon signed-rank tests (n = 400, all p < 0.005 after Holm—Bonferroni correction except Qwen Sent
C2/C1 (p = 0.011) and Llama QA C2/C3 (§ = +0.03, statistical tie). Positive AFEcyc3 indicates C3 uses less
energy than C2. §: Cliff’s delta (]| > 0.474 = large effect).

Carbon 2.3+, datasets==2.21.0 (pinned),
scipy for Wilcoxon tests and Cliff’s §, numpy
for bootstrap CIs (500 resamples per stratum).

¢ Data: TriviaQA rc.nocontext, KILT ELIS,
and GLUE SST-2 validation splits (50 items
each) via HuggingFace Datasets. Items were
sampled sequentially with no filtering beyond
removing empty reference answers.

¢ Determinism: temperature=0 and seed=42
for all inferences. Each cell was run twice and
the median energy value retained to reduce
measurement noise.

* Energy measurement: CodeCarbon in
process mode at 0.5 s sampling. One warm-
up inference per model was discarded to avoid
cold-start effects.

» C3 budget: N = max(5, median(7?))
computed per (verb pair, item) cell across all
student models that had completed C2, target-
ing a realistic length rather than a theoretical
minimum.

* Code and artifacts: all code and processed re-
sults are available at https://github.com/
TheAhsanFarabi/GreenSwap

 Judge scores: 10,800 calls total (3 conditions
X 3 models x 8 pairs x 50 items X 3 tasks).
All responses returned valid JSON scores in
1-5 with no judge collapse observed.
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