
Decoupling Performance from Energy in AI-Based
Business Optimization: An Error-Driven Control
Loop for Sustainable Tabular Reasoning
Róbert Lakatos 

University of Debrecen
Árpád Pándy 

University of Debrecen
András Hajdu 

University of Debrecen

Research Article

Keywords: Green AI, AI-based business optimization, Prompt optimization, Feedback control, Small
language models, Energy efficiency, Tabular reasoning, Agentic AI

Posted Date: October 21st, 2026

DOI: https://doi.org/10.21203/rs.3.rs-11435156/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Additional Declarations: No competing interests reported.

https://doi.org/10.21203/rs.3.rs-11435156/v1
https://doi.org/10.21203/rs.3.rs-11435156/v1
https://doi.org/10.21203/rs.3.rs-11435156/v1
https://creativecommons.org/licenses/by/4.0/


Decoupling Performance from Energy in AI-Based

Business Optimization: An Error-Driven Control

Loop for Sustainable Tabular Reasoning
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Abstract

Background: Adapting large language models (LLMs) to domain-specific tasks
usually relies on gradient-based fine-tuning, which has a high energy and car-
bon cost. AI-based business optimization (AIBO) in regulated sectors requires
adaptation methods that are accurate, auditable, and energy-efficient. We formu-
late error-driven prompt optimization as a discrete-time feedback control loop.
A frozen small language model (SLM) inside a Code Generation Agent (CGA)
solves arithmetic questions from the TAT-QA financial benchmark. Mispredic-
tions are clustered with HDBSCAN, a domain expert writes a natural-language
rule for the selected error cluster, and the prompt is updated iteratively. We
measured the energy of the loop directly at the wall outlet over 10 repeated runs
and compared it with LoRA and full fine-tuning, which we estimated using a
hardware-normalized scaling model.
Result: The optimized CGA reached 66.45% exact match (EM) on the held-
out test set with Qwen3 4B, a gain of 9.76 percentage points, which is on par
with a GPT-3.5 Turbo-based agent using manually written rules. The complete
optimization consumed 351 Wh (coefficient of variation: 0.24%). This is 21.1
times less than the estimated cost of LoRA fine-tuning and 10.1 times less than
the estimated cost of full fine-tuning for the same model.
Conclusion: The size of the advantage depends strongly on the base model’s
inference speed. Error-driven prompt optimization is a precise, explainable, and
provable alternative to energy-intensive training cycles.

Keywords: Green AI, AI-based business optimization, Prompt optimization, Feedback
control, Small language models, Energy efficiency, Tabular reasoning, Agentic AI
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1 Introduction

Large language models (LLMs) are becoming a core component of AI-based business
optimization (AIBO). Companies use them to read reports, answer questions over
financial tables, and support decisions in auditing, controlling, and customer service
[1–3]. The capabilities of these models follow neural scaling laws: performance improves
in a predictable way as the number of parameters, the size of the training data, and the
amount of compute grow [4, 5]. The same laws also drive energy demand. Training a
single large model can consume hundreds of megawatt-hours and emit tens to hundreds
of tonnes of CO2-equivalent [6–8]. Inference adds a further, continuous cost that grows
with every deployed application [9–11]. Data centers already account for a measurable
share of global electricity use, and AI is expected to be one of the main drivers of its
growth [12, 13].

The Green AI movement argues that efficiency should be reported and evaluated
together with accuracy [14]. Several authors have proposed standard methods for
measuring and reporting the energy and carbon footprints of machine learning exper-
iments [15, 16]. This view is also becoming a regulatory requirement. The European
Climate Law sets a binding target of climate neutrality by 2050, and a 55% reduction
of net greenhouse gas emissions by 2030 [17]. The revised Energy Efficiency Directive
introduces energy reporting obligations for data centers [18], and the AI Act requires
providers of general-purpose AI models to document the energy consumption of their
models [19]. For companies, this means that an AI transformation must be planned
together with their decarbonization goals. An adaptation method that reaches the
required accuracy with less energy is therefore not only a technical improvement but
also a business and compliance advantage.

There are two main ways to adapt a pre-trained model to a domain task. The first
is gradient-based fine-tuning. It updates either all weights (full fine-tuning) or a small
set of additional parameters, as in parameter-efficient fine-tuning methods such as
Low-Rank Adaptation (LoRA) [20], QLoRA [21], or prompt tuning [22]. The second
way is gradient-free adaptation through the prompt. Here, the model weights remain
frozen, and task knowledge is incorporated into the input [23]. Examples include chain-
of-thought prompting [24], program-aided reasoning that delegates arithmetic to a
code interpreter [25, 26], and automatic prompt optimization methods that search
for better instructions [27–31]. Prompt-based adaptation preserves the base model’s
general abilities and requires no training infrastructure. However, its energy cost is
rarely measured, and it is rarely compared with fine-tuning under the same task and
model.

This paper extends our previous work on tabular arithmetic reasoning. First, we
introduced an arithmetic-aware Code Generation Agent (CGA) that improved exact
match accuracy from 29% to 58% without fine-tuning [32]. Next, we showed that the
CGA can run on small language models (SLMs) on-premises, with Qwen3 4B achieving
60% accuracy and surpassing GPT-3.5 Turbo [33]. Our third study added an error-
driven optimization loop, which groups the failure modes into clusters and extends
the prompt with rules aimed at them; this lifted the SLM accuracy to 66.45% [34]. In
the conference version of the present study, we compared the energy of this framework
with fine-tuning [35]. The present article extends that comparison in four directions: a
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control-theoretic formulation of the method, a detailed description of the measurement
protocol and software environment, a broader analysis of the results, and a translation
of the energy figures into operational indicators for business decision makers.

The iterative optimization loop has a natural interpretation in control theory. The
frozen model and the code interpreter form the plant; the exact match accuracy on a
development set is the measured output, the set of mispredictions is the error signal,
and the prompt is the control input. A domain expert, supported by error clustering,
acts as the controller that turns the error signal into a new prompt rule. This structure
is close to iterative learning control, where the input of the next trial is corrected by
the error of the previous trial [36, 37], and to human-in-the-loop machine learning,
where human judgment is part of the learning process [38]. The formulation makes the
method’s assumptions explicit and connects it to the principles of precise, explainable,
and provable AI (PEP-AI). The method is precise because it is evaluated with an exact
match. It is explainable because every adaptation step is a readable natural-language
rule. It is provable because each step is measured, repeated, and reproducible in a
containerized environment.

The approach is also relevant for higher education. Business schools and informatics
faculties increasingly teach the business applications of AI, and students need hands-
on experience with systems that they can inspect and run [39]. On-premises SLMs with
a transparent optimization loop are well-suited for this purpose. Their behavior can
be demonstrated in practical laboratory sessions using cloud-based Python notebooks,
and the error analysis can be taught as exploratory data analysis (EDA) with pandas
[40]. Students can observe how a single rule changes a model’s accuracy and energy
budget, linking technical skills with sustainability thinking.

The main contributions of this article are the following:

1. We formalize error-driven prompt optimization as a discrete-time feedback control
loop with a human-in-the-loop controller.

2. We describe a direct, repeated energy measurement protocol for gradient-free
adaptation and report its statistical stability.

3. We compare the measured energy with counterfactual estimates for LoRA and full
fine-tuning of the same models, including sensitivity and break-even analyses.

4. We translate the energy results into operational cost and emissions indicators for
AIBO decision-makers.

5. We provide a containerized, reproducible implementation of the full pipeline.

The rest of the article is organized as follows. Section 2 presents the dataset,
the control-loop formulation, the optimization procedure, and the energy estima-
tion and measurement methods. Section 3 reports accuracy, energy, and cost results.
Section 4 discusses limitations, practical applicability, and future research directions,
and concludes the article.

2 Methods

This section first describes the task and data 2.1, and the evaluation metrics 2.2. It then
presents the CGA 2.3 and formalizes the optimization procedure as a feedback control
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loop 2.4, 2.5, 2.6, 2.7. It describes how we estimated the energy of fine-tuning 2.8 and
measured the energy of prompt optimization 2.9. Finally, it describes sensitivity and
break-even analysis 2.10, reproducibility, and software environment 2.11.

2.1 Task and dataset

We use TAT-QA, a question answering benchmark built from real financial reports
that combine tables and text [41]. We work with its direct tabular subset: questions
whose answers are derived from the table and require arithmetic operations such as
addition, subtraction, percentage change, and comparison. We apply the same filter as
in our previous work [32]: we keep the questions whose answer type is arithmetic and
whose answer can be computed from the table alone, without the accompanying text
paragraphs. The filter reduces the TAT-QA development set from 278 to 215 tables
and from 1,668 to 497 questions. Applying the same filter to the TAT-QA test set
gives 471 questions. Fig. 1 shows the dataset structure and the applied filter.

The development set (N = 497) is used by the optimization loop: all global and
cluster steps, error clustering and rule synthesis use only these items, and all energy
measurements in this article refer to them. The test set (N = 471) is held out during
optimization and used once to evaluate the final prompt. The 66.45% EM reported
for the optimized Qwen3 4B agent is measured on the test set [34].

Each gold answer consists of a numerical value and a scale (billion, million,
thousand, percent, or none). A prediction is correct only if both match.

Table

from a financial report

Paragraphs

1, . . . , n
text around the table

Hybrid context of one TAT-QA item

Answer fields
answer type: span, multi-span,

arithmetic , count

answer from: text,
table , table-text

scale: none, thousand,
million, billion, percent

Question 1 (removed)

answer type: span
answer from: text
scale: ""
derivation: ""

Question m (kept)

answer type: arithmetic
answer from: table
scale: million
derivation: (a-b)/b

· · ·

questions on the same context

Filter: answer type == ’arithmetic’ and answer from == ’table’

Development set: 278 → 215 tables, 1,668 → 497 questions Test set: 471 questions

Fig. 1 Structure of a TAT-QA item and the filter applied to obtain the direct tabular subset. Each
item consists of a table and the surrounding paragraphs of a financial report, and several questions
refer to the same context. Every question carries its answer type, answer source, scale and, for
arithmetic questions, the derivation of the gold answer. Only arithmetic questions answerable from
the table alone are kept (blue)
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2.2 Evaluation metrics

We use exact-match (EM) accuracy as the sole accuracy metric. A financial answer
is only useful if its value, sign and scale are all correct. Word-overlap metrics such
as F1 reward correct terminology even when the calculation is wrong, and therefore
overestimate performance. EM is reported in percentage points (pp).

Energy is reported in watt-hours (Wh). To relate energy to accuracy, we use two
derived indicators. The energy-to-accuracy ratio is

ηacc =
E

EM
[Wh/pp], (1)

and the energy-to-improvement ratio is

ηimp =
E

EM− EMbase
[Wh/pp], (2)

where E is the energy of the adaptation, EM is the accuracy after adaptation and
EMbase is the accuracy of the base model before adaptation. Lower values are better
for both indicators.

2.3 Code Generation Agent

The CGA does not ask the language model to compute the answer directly. Instead,
the model receives the question, the table and a prompt, and generates a short Python
program. The program is executed in an isolated interpreter, and its output is the
predicted answer, including the value, the sign, and the scale. This design moves
arithmetic from the language model to the interpreter, a well-known approach to
reducing calculation errors in LLMs [25, 26]. It also makes every prediction traceable,
because the generated code shows how the answer was obtained [32].

We use two SLMs with about 4 billion parameters: Qwen3 4B [42], and Gemma
3n [43]. Both run on local hardware, so no data leaves the organization. The mod-
els are served by the Ollama runtime (version 0.11.4). For Qwen3 4B, we use the
qwen3:4b model (Q4 K M 4-bit mixed quantization, 2.6GB, digest 2bfd38a7daaf);
for Gemma 3n, the gemma3n:e4b model (E4B variant, 4-bit quantization, 7.5GB,
digest 15cb39fd9394). We use the non-thinking (instruct) behavior of both models;
for Qwen3 4B, this is enforced by appending the /no think flag to the prompt. Decod-
ing is greedy and deterministic: temperature 0, top-p = 1, no repetition, presence or
frequency penalty, and at most 400 generated tokens per answer. The generated pro-
grams are executed with Python 3.9.5, and numerical outputs are rounded to two
decimal places before evaluation.

2.4 Prompt optimization as a feedback control loop

We now describe the optimization procedure in control-theoretic terms. Table 1 sum-
marizes the notation and the role of each quantity in the loop, and Fig. 2 shows the
block diagram. The formulation describes the Prompt Extending Algorithm of our
previous work [34], which was also used in all experiments of this article.
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Let D = {(xi, ai)}
N
i=1 be the development set, where xi contains a question and

its table and ai is the gold answer. Let Mθ be the language model with frozen weights
θ, and let Exec(·) denote the execution of the generated program, and let 1[·] be the
indicator function that evaluates to 1 if its condition is true and 0 otherwise. For a
prompt p, the match indicator of item i is

mi(p) = 1
[

Exec
(

Mθ(xi; p)
)

= ai
]

, (3)

and the output of the plant is the exact match accuracy

y(p) =
100

N

N
∑

i=1

mi(p). (4)

The error signal is not a single number but a set of mispredicted items

E(p) = { i ∈ D : mi(p) = 0 }. (5)

This set carries structured information about what went wrong, which a scalar error
100− y(p) would lose.

The control input is the prompt. The base prompt p0 contains no rules. In iteration
k = 1, 2, . . . a new rule ρk may be appended to the current prompt pk−1, which we
write as pk−1 ⊕ ρk. The sensor has two parts. First, a feature map ϕ describes each
mispredicted item with a feature vector (see Section 2.5). Second, HDBSCAN groups
these vectors into clusters:

{C1k, . . . , C
Jk

k } = HDBSCAN
(

ϕ(E(pk−1))
)

, (6)

where noise points are not assigned to any cluster. The selection function S orders

the clusters by decreasing size, |C
(1)
k | ≥ |C

(2)
k | ≥ . . . , and offers them to the controller

in this order. At most two candidates are examined per iteration: the largest cluster

C
(1)
k and, if its rule is rejected, the next one C

(2)
k . When several clusters have the same

size, the expert chooses among them.
In one iteration (Qwen3 4B, iteration 3), the second candidate was a cluster of 6

items, although three clusters of 7 items were also available. All three 7-item clusters
contained change questions (calculation pattern #−#), the same pattern as the first
candidate, whose rule had just been rejected, each with a different error type (scale,
runtime and selection errors, respectively). The 6-item cluster addressed a different
calculation, the selection of the operands of a two-value average (# +#)/#.

The largest cluster is preferred because a rule that removes its root cause can be
expected to correct the most items.

The controller is the rule synthesis step G, which produces a candidate rule for the

examined cluster C
(j)
k :

ρ
(j)
k = G(C

(j)
k , pk−1), j ∈ {1, 2}. (7)
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In the current implementation, G is performed by a domain expert using the cluster
summaries (Section 2.6). Before the rule is used on the whole development set, it is
checked locally on the examined cluster:

yCk =
100

|C
(j)
k |

∑

i∈C
(j)
k

mi(pk−1 ⊕ ρ
(j)
k ). (8)

Because every item of an error cluster is mispredicted by pk−1, the local accuracy
before the rule is zero, and yCk is also the local improvement. To check that the improve-
ment is consistent rather than accidental, we apply the exact (binomial) McNemar

test [44] to the paired outcomes mi(pk−1) and mi(pk−1 ⊕ ρ
(j)
k ) on the cluster. All dis-

cordant pairs are corrections, so with ck corrected items the two-sided exact p-value
is πk = min(1, 2 1−ck). A rule is accepted if

A
(j)
k = 1

[

yCk ≥ τ ∧ πk ≤ α
]

= 1, (9)

with τ = 50% and α = 0.0625. The second condition is equivalent to ck ≥ 5, so a rule
must correct at least half of its cluster and at least five items. The update law of the
controller is

pk =

⎧

⎪

⎨

⎪

⎩

pk−1 ⊕ ρ
(1)
k , if A

(1)
k = 1,

pk−1 ⊕ ρ
(2)
k , if A

(1)
k = 0 and A

(2)
k = 1,

pk−1, otherwise.

(10)

A rejected rule is discarded and never enters the prompt; the gate in Eq. (9) is therefore
applied before any global evaluation of the rule.

The loop stops when both candidates of an iteration are rejected:

A
(1)
k = A

(2)
k = 0 ⇒ p∗ = pk−1. (11)

In other words, the loop terminates when the two largest remaining error clusters no
longer yield a rule that passes the local gate. No maximum number of iterations was
needed in our experiments: the loop stopped after four global steps for Qwen3 4B
and after three for Gemma 3n (Section 3.1). Since only accepted rules are added, the
returned prompt p∗ is the last accepted prompt.

The analogy with iterative learning control is useful but has limits [36]. The input
space is discrete text, the controller is partly human, and no gradient is available.
For this reason, we do not claim formal stability or convergence guarantees. The local
gate in Eq. (9) does not guarantee that the global accuracy increases: a rule can
help its cluster but interfere with items outside it. In our experiments, every accepted
rule increased the development accuracy, but some rejected candidates would have
decreased it (Section 3.1). The main benefit of the formulation is that it makes the
sensor, the controller, the update law, and the stopping rule explicit, so that each can
be measured, audited, and improved separately.
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Table 1 Notation and the role of each quantity in the feedback control loop

Symbol Meaning Role in the loop

1[·], mi(p) Indicator function and match indicator of item i Item-level measurement
Mθ, Exec Frozen SLM and Python interpreter Plant
pk Prompt after iteration k (p0: base prompt) Control input

ρ
(j)
k

Natural-language rule proposed in iteration k Control action
y(p) Exact match accuracy on D (Eq. 4) Measured output
y∗ Maximization of y (no fixed target) Reference
E(p) Set of mispredicted items (Eq. 5) Error signal
ϕ, HDBSCAN Feature map and density-based clustering Sensor / observer

C
(j)
k

, S Examined error cluster (j-th largest), selection Filtered error signal
G Rule synthesis by a domain expert Controller

yCk , πk Local EM and McNemar p-value on the cluster Local verification
τ , α Acceptance thresholds (50%, 0.0625; Eq. 9) Controller settings

EG
k , EC

k Energy of the global and cluster steps Cost of one iteration

2.5 Error clustering

The sensor groups mispredictions that are likely due to the same root cause. Following
[34], each mispredicted item is described by five categorical features derived from the
structure of the tabular calculation:

• calc pattern: the reference calculation from the derivation field of TAT-QA, with
numbers replaced by a placeholder, e.g., (#-#)/# for a relative change; patterns
occurring fewer than three times are merged into an other category;

• code calc pattern: the calculation actually performed by the generated program,
extracted from its abstract syntax tree in the same format;

• scale mismatch: whether the predicted and gold scales differ;
• value match: equal value, sign error only, missing value (usually a runtime error),

or different value;
• error type: selection, calculation, scale, sign, syntax, or runtime error.

The features are one-hot encoded into a binary vector.
We use HDBSCAN [45, 46], a density-based hierarchical clustering algorithm. It

does not require the number of clusters in advance and labels isolated points as noise
rather than forcing them into a cluster. Both properties fit error analysis, because the
number of failure modes is unknown and many errors are unique. We set the min-
imum cluster size to min cluster size = 2 and the minimum number of samples to
min samples = 1, so that even small groups of related errors can be found. These
values were chosen by a grid search over min cluster size ∈ {2, 3, 4, 5, 6, 10, 15} and
min samples ∈ {1, . . . , 5}, which selects the setting with the lowest noise ratio among
those whose cluster count is close to the first quartile of the error set size [34]; the same
pair was selected in every iteration. As distance, we use the normalized Hamming dis-
tance, i.e., the fraction of vector positions in which two items differ. On binary vectors,
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Plant

frozen SLM
Mθ + CGA

+ Python Exec

=

Sensor

EM on D, fea-
ture map ϕ,
HDBSCAN,
selection S

Controller G

rule synthesis
(domain expert)

Actuator

gate A
(j)
k

(Eq. 9),

update pk−1 ⊕ ρ
(j)
k

z−1

reference: gold answers ai

(y∗: maximize EM)

wall-outlet meter (ePDU)

EG
k , EC

k

âi mi(p)

y(pk−1), E(pk−1)

→ C
(j)
k

ρ
(j)
k

pk

pk−1

local check: yC
k , πk on C

(j)
k

Fig. 2 The prompt optimization procedure as a feedback control loop (notation in Table 1). In
each iteration, the plant answers the development set with prompt pk−1; the comparator matches
the executed answers with the gold answers, and the sensor turns the mispredicted items into error
clusters. The controller writes a rule for the examined cluster, and the actuator adds it to the prompt
only if it passes the local gate, which is evaluated by running the plant on the cluster alone (dashed).
The delay z−1 separates the iterations. The energy of every global and cluster step is measured at
the wall outlet of the workstation (Section 2.9)

it is proportional to the Manhattan (L1) distance, so the two give the same clustering
up to a scaling of the distance threshold. The distance has a direct interpretation: it
counts the error attributes in which two mispredictions differ.

2.6 Rule synthesis with a human in the loop

During rule synthesis, a domain expert studies the representative items of the selected
cluster and formulates one short rule in natural language that targets their shared
cause. The error attributes usually reveal this cause directly. A typical case is a cluster
in which every calculation is a percentage change but the predicted scale is not percent;
the corresponding rule tells the agent to express such results as percentages. When
the model lacks a business formula, for example how an average over several years is
calculated, the expert states the formula in the rule. Most clusters had a single cause;
for a cluster with two causes, we wrote one rule for each.

This step takes about 0.4 to 0.5 person-hours per candidate rule, which gives about
2 to 3 person-hours for a full optimization run with 5 to 6 candidate rules. Human
effort is not included in the energy figures, but it is included in the operational cost
analysis in Section 3.6. Because every rule is written in plain language, the complete
adaptation of the model can be read and reviewed by an auditor, which is an important
requirement in regulated sectors.
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2.7 Adaptive iterative optimization procedure

Fig. 3 and Algorithm 1 show how the loop is executed in practice. Each iteration
consists of one global step and one or two cluster steps, with very different costs.

Fig. 3 The adaptive iterative prompt optimization procedure: each iteration consists of a global step
(G) and one or two cluster-level steps (C). Reproduced from the conference version of this study [35].

In the global step (G), the CGA answers every question of the development set
with the current prompt pk−1. We compute the EM value of each item, the global
accuracy y(pk−1), and the error set E(pk−1), and we cluster the errors. In the cluster

step (C), the candidate rule ρ
(j)
k is added to the prompt, and the CGA answers only the

questions of the examined cluster. This gives the local accuracy yCk and the McNemar
p-value πk. The global step processes all N = 497 items, while a cluster step processes
only 6 to 34 items in our experiments. A global step is run only for an accepted
prompt, because a rejected rule never enters the prompt. Iterations continue until the
stopping criterion is met.

The total energy of the prompt optimization is the sum of the energy of all steps:

EPO =

K
∑

k=1

(

EG
k +

J ′

k
∑

j=1

EC
k,j

)

, (12)

where K is the number of global steps and J ′
k ∈ {1, 2} is the number of cluster steps

examined in iteration k.
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Algorithm 1 Error-driven prompt optimization loop

Require: development set D, frozen model Mθ, base prompt p0, feature map ϕ,
thresholds τ, α

Ensure: optimized prompt p∗ and energy log {EG
k , EC

k,j}
1: k ← 1
2: loop

3: Global step Gk: run the CGA with pk−1 on D; compute y(pk−1) and E(pk−1);
record EG

k

4: cluster ϕ(E(pk−1)) with HDBSCAN and sort the clusters by decreasing size
5: accepted ← false

6: for j = 1, 2 do

7: Rule synthesis: the expert writes a candidate rule ρ
(j)
k for C

(j)
k

8: Cluster step Ck,j: run the CGA with pk−1 ⊕ ρ
(j)
k on C

(j)
k ; compute yCk

and πk; record EC
k,j

9: if yCk ≥ τ and πk ≤ α then

10: pk ← pk−1 ⊕ ρ
(j)
k ; accepted ← true; break

11: end if

12: end for

13: if not accepted then

14: return p∗ ← pk−1 ▷ stopping criterion, Eq. (11)
15: end if

16: k ← k + 1
17: end loop

2.8 Energy estimation for gradient-based fine-tuning

We did not fine-tune Qwen3 4B/30B or Gemma 3n ourselves. To compare the two
adaptation paradigms on the same models, we estimated the energy that fine-tuning
would have required. The estimate combines the way training compute grows with
model size [4] with a model of the power drawn by the training hardware [7]. The
estimate is anchored to a known measurement: the LoRA-based TAT-LLM [47], built
on Llama 2 (13B, 70B) and MATATA model, built on Phi-3-mini (3.8B parameters)
[48], was trained on TAT-QA for 10 epochs in 16 hours on one NVIDIA A100 40 GB
GPU [49]. This gives the reference values Href = 16h, Pref = 3.8B and Eref = 10
epochs.

The energy of a training run is

EWh = Htarget · TDPgpu · PUE, (13)

where TDPgpu is the thermal design power of the GPU in watts, that is, the
maximum sustained power the GPU is designed to draw, and PUE is the power usage
effectiveness of the data center, which accounts for cooling and other infrastructure.
The training time on the target configuration is obtained by scaling the reference time:
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Htarget =
P · Ep ·Mmethod ·March

Rperf · Pref · Eref

. (14)

where P is the number of model parameters, Ep is the number of epochs, Mmethod

is the training method multiplier, March is the architecture multiplier and Rperf is the
throughput of the target GPU relative to the A100. The ratios P/Pref and Ep/Eref

scale the computational load linearly with model size and training length. Substituting
Eq. (14) into Eq. (13) gives

EWh =
P · Ep ·Mmethod ·March · TDPgpu · PUE

Rperf · Pref · Eref

. (15)

The coefficients follow common practice in LLM energy auditing [8]. We set
Mmethod = 1.6 for full fine-tuning and Mmethod = 1.0 for LoRA. We set March = 1.0
for dense models and March = 0.25 for MatFormer (MF) models. The resulting train-
ing times and energy estimates for all models, alongside their specific parameters (P
and March), are summarized in Table 2.

Table 2 Estimated energy consumption of gradient-based fine-tuning on one NVIDIA A100 40GB
GPU (Eq. 15) including model-specific parameters. The Phi-3-mini LoRA row is the measured
reference

Model P (B) March Method Epochs Time (h) Energy (Wh)

Gemma 3n 4.0 0.25 Full 3 1.52 666.95
Gemma 3n 4.0 0.25 LoRA 10 3.16 1,389.47
Qwen3 4B 4.0 1.00 Full 3 8.08 3,557.05
Qwen3 4B 4.0 1.00 LoRA 10 16.84 7,410.53

Qwen3 30B 30.5 0.25 Full 3 15.16 6,669.47
Qwen3 30B 30.5 0.25 LoRA 10 31.58 13,894.74
Phi-3-mini 3.8 1.00 Full 3 7.68 3,379.20
Phi-3-mini (reference) 3.8 1.00 LoRA 10 16.00 7,040.00
Llama 2 13B 13.0 1.00 Full 3 26.27 11,560.42
Llama 2 13B 13.0 1.00 LoRA 10 54.74 24,084.21
Llama 2 70B 70.0 1.00 Full 3 141.47 62,248.42
Llama 2 70B 70.0 1.00 LoRA 10 294.74 129,684.21

Such models, particularly the “n” (nano/edge) variants, are fundamentally built
on the Matryoshka Transformer (MatFormer) architecture and Per-Layer Embeddings
(PLE) technology. Although their internal mechanisms include Mixture-of-Experts
(MoE) inspired tiny expert networks (nanoMoE) for memory-efficient routing, their
core structural innovation and unique composition are driven by MatFormer and PLE.
Specifically, the nested, granular structure of Matryoshka Transformers allows the
model to operate with as little as a quarter of the Feed-Forward Network capacity
during elastic inference, significantly reducing active parameters and energy costs [50].
For the power usage effectiveness we take PUE = 1.1, a value reached by current
energy-efficient data centers. For the A100 we use TDP = 400W and Rperf = 1.0. For
other hardware, the same formula applies with its own values; for example, an H200
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GPU would be described with TDP = 700 W and Rperf ≈ 3.1. We use 3 epochs for
full fine-tuning and 10 epochs for LoRA, a choice justified by the restricted parameter
space of Low-Rank Adaptation, which necessitates more iterations to achieve opti-
mal convergence, whereas the full capacity of standard fine-tuning allows for rapid
adaptation [51].

The values for Qwen3 4B and Gemma 3n are counterfactual estimates. These
models were used only in our prompt optimization framework and were never fine-
tuned. The estimates answer the question: what would it have cost to adapt the same
model with gradient-based training? This keeps the base model fixed and isolates the
adaptation paradigm as the only variable.

2.9 Direct energy measurement of prompt optimization

The energy of prompt optimization was measured directly at the workstation’s wall
outlet that runs the pipeline. Figure 4 shows the measurement setup. The workstation
has one NVIDIA GeForce RTX 3090 GPU (24 GB memory, 350 W power limit, driver
575.57), an AMD Ryzen 5 5600X 6-core CPU, 64 GB RAM, and runs Ubuntu 20.04.6
LTS. It is supplied by a metered outlet of an Eaton EMAB22 ePDU G3 managed
rack power distribution unit (0U, C20 16A single-phase inlet, 20×C13 and 4×C19
outlets). Its metering of voltage, current, active power, and energy has IEC Class 1
(±1%) billing-grade accuracy. The outlet readings are collected through SNMP by
a Prometheus time-series database and queried with a resolution of 2 s. The power
meter provides two signals: an integer counter that accumulates energy in Wh and a
gauge that reports the outlet’s instantaneous power. The wall-outlet values, therefore,
include the entire workstation (GPU, CPU, memory, storage, cooling fans, and power-
supply losses), not just the GPU. During a run, no other workload was executed on the
workstation, and the model was loaded into GPU memory before the first measured
step.

Workstation
RTX 3090 (24GB), Ryzen 5 5600X,

64GB RAM, Ubuntu 20.04

Ollama: Qwen3 4B / Gemma 3n,
CGA pipeline + Python Exec

Eaton EMAB22
ePDU

metered outlet,
IEC Class 1 (±1%)

mains
230V

Energy of a step
counter difference (global)
trapezoidal rule (cluster)

Prometheus
SNMP exporter,
scrape interval 2 s

power

SNMP: Wh counter,
outlet power (W)

query

start/end time
of each step

Fig. 4 Energy measurement setup. The workstation is supplied by a metered outlet of the ePDU.
The outlet energy counter and power are collected by Prometheus through SNMP. The pipeline logs
the start and end time of each global and cluster step, and the energy of the step is computed from
the stored series for that interval (Eq. (16))

For the global steps, which last about 12 to 40 minutes, we use the difference of the
counter values at the start and the end of the step. The counter has integer resolution,
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but over such long intervals, the rounding error is small compared to the total. The
cluster steps last only a few minutes or less, so the counter resolution is too coarse.
For these steps, we integrate the sampled power signal with the trapezoidal rule. For
each sub-interval [tj , tj+1] the energy increment is

Ej =

∫ tj+1

tj

P (t) dt ≈ (tj+1 − tj)
P (tj) + P (tj+1)

2
, (16)

and the energy of the step is the sum of all increments. In effect, the power is taken
to change linearly between two consecutive samples. The trapezoidal rule is robust for
non-periodic signals sampled at a high rate and is cheaper to compute than higher-
order spline methods. For Qwen3 4B, all steps are short enough to be computed with
Eq. (16).

Although Prometheus stores a sample every 2 s, the ePDU updates its outlet power
reading only about every 5 to 6 s (median interval between value changes: 6 s over all
runs). The cluster steps of Qwen3 4B last 6 to 15 s and are therefore covered by only
4 to 8 samples. The integrated energy is nevertheless repeatable: for example, the 10
runs of cluster step C2 gave 1.399 ± 0.015 Wh (Fig. 8). Moreover, the cluster steps
account for only a few percent of the total energy (Table 7), so a sampling error in
them has little effect on the totals.

To approximate the GPU share, we subtract a constant baseline of 54W, multiplied
by the run duration, from the wall-outlet energy. The baseline is the worksta-
tion’s average power measured over one day at 0% GPU load. This assumes the
other components’ power does not depend on the load, so the GPU-only values are
approximate.

We measured every step 10 times. Since decoding is deterministic, the predictions
and the optimization path were the same in all runs, so the spread of the repeated
measurements reflects variation in the power draw of the system rather than in the
algorithm. To obtain stable repeated measurements, the recorded optimization trajec-
tory was replayed: each repetition executed the same sequence of global and cluster
steps, using the same prompts and clusters as the original optimization run. Tables 3
and 4 list the measured values for each step, and Table 7 summarizes them.

Table 3 Measured energy of each prompt optimization step of Gemma 3n, averaged over 10 runs.
Global steps from the energy counter, cluster steps from trapezoidal integration

Step Prompt Energy (Wh) ∆t (min) N Avg. power (W) s/item Wh/item EM (%) Gate

G1 V18 244.800 38.227 497 384.9 4.615 0.493 41.65
C1 V19a 10.852 1.723 19 377.8 5.442 0.571 89.47 ✓

G2 V19a 252.700 39.442 497 385.4 4.762 0.508 45.88
C2a V20 10.092 1.592 18 380.4 5.306 0.561 5.56 ×

C2b V21 7.552 1.196 14 378.9 5.126 0.539 64.29 ✓

G3 V21 256.500 40.013 497 385.6 4.831 0.516 50.10
C3a V22b 10.964 1.707 19 385.3 5.391 0.577 0.00 ×

C3b V23 8.127 1.288 14 378.7 5.518 0.581 7.14 ×
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Table 4 Measured energy of each prompt optimization step of Qwen3 4B, averaged over 10 runs
(all values from trapezoidal integration)

Step Prompt Energy (Wh) ∆t (min) N Avg. power (W) s/item Wh/item EM (%) Gate

G1 V18 82.823 11.787 497 421.6 1.423 0.167 59.96
C1 V23 6.129 0.886 34 415.3 1.563 0.180 97.06 ✓

G2 V23 82.026 11.645 497 422.6 1.406 0.165 64.59
C2 V41 1.399 0.205 8 409.8 1.536 0.175 62.50 ✓

G3 V41 83.173 11.804 497 422.8 1.425 0.167 67.61
C3a V43c 1.637 0.257 10 381.5 1.545 0.164 20.00 ×

C3b V29 0.924 0.157 6 353.5 1.568 0.154 83.33 ✓

G4 V29 89.709 12.729 497 422.9 1.537 0.181 70.82
C4a V31 1.156 0.196 7 354.4 1.678 0.165 57.14 ×

C4b V44b 1.630 0.241 7 405.3 2.069 0.233 28.57 ×

C1: the rule was evaluated on cluster 24 of the base-prompt error clustering, which contains 34 items; 33
of them were corrected in each of the 10 runs. Our previous study reported 20 corrected items out of 22
evaluated items for the same rule [34]. The energy of C1 was measured in a separate session with the same
workstation, model settings and measurement chain.

In the tables, Gk denotes the global step of iteration k, and Ck (or Cka and Ckb
when two candidates were examined) the cluster steps of the same iteration. The
Prompt column gives the internal prompt version identifier of our repository [52]. The
columns show the step energy, elapsed time, number of processed items N , average
power, average time per item, average energy per item, and the EM value. For G steps,
EM is the global development accuracy y(pk−1). For C steps, EM is the local accuracy
yCk on the examined cluster, and the last column shows whether the candidate rule
passed the gate of Eq. (9). Global steps are listed only for the base prompt and for
accepted prompts, because a rejected rule never enters the prompt (Algorithm 1).
Each value is the mean of 10 runs. Table 5 summarizes the variability of the total
energy across runs.

Table 5 Descriptive statistics of the total energy of the prompt optimization over 10 repeated
runs (Wh)

Statistic Gemma 3n Qwen3 4B

n 10 10
Mean 801.587 350.606
Standard deviation 1.901 0.836
Median 801.590 350.823
IQR 0.876 0.325
Coefficient of variation 0.237% 0.238%
95% CI of the mean [800.227, 802.947] [350.009, 351.204]

2.10 Sensitivity and break-even analysis

The fine-tuning estimates depend on the multipliers Mmethod and March, which are
taken from auditing conventions and were not measured independently. To test how
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much the conclusions depend on them, we vary both multipliers by ±25% around
their nominal values, that is, Mmethod ∈ [0.75, 1.25] ·Mnom

method and, for dense models,
March ∈ [0.75, 1.25]. For the MoE multiplier, we use the interval March ∈ [0.15, 0.35],
which represents 15% to 35% active computational routing.

Prompt optimization makes the prompt longer, so each later inference costs slightly
more energy than with a fine-tuned model that uses a short prompt. We therefore
compute the number of queries after which the extra inference energy equals the energy
saved during adaptation:

Q∗ =
EFT − EPO

∆einf
, (17)

where EFT is the estimated fine-tuning energy, EPO is the measured prompt opti-
mization energy and ∆einf is the additional inference energy per query caused by the
longer prompt.

2.11 Reproducibility and software environment

To support the provability of the results, the entire life cycle of code generation,
execution, evaluation, and energy logging runs in software containers. Containerization
fixes the operating system, libraries, and their versions, so that the same pipeline
gives the same predictions on another machine [53, 54]. The services are defined with
Docker and orchestrated with Docker Compose. The generated Python programs are
executed in a separate, isolated container, so that faulty or unsafe code cannot affect
the rest of the system. Because decoding is deterministic, repeated runs give identical
predictions, as described in Section 2.9. The source code of the pipeline and of the
energy calculations is publicly available [52].

3 Results

In the result, we first describe the behavior of the optimization loop: accuracy 3.1,
error clusters 3.2, and power 3.3. It then compares prompt optimization with fine-
tuning 3.4, tests the robustness of this comparison 3.5, and translates the results into
operational indicators 3.6.

3.1 Accuracy trajectory of the optimization loop

Fig. 5 shows how the global accuracy changes over the iterations. For Qwen3 4B, the
loop accepted three rules and examined three more that were rejected. The develop-
ment EM increased from 59.96% with the base prompt (G1) to 64.59% (G2), 67.61%
(G3) and 70.82% (G4), a total gain of 10.86 pp. The first rule, which forces a percent
scale for percentage-change questions, gave the largest gain (+4.63 pp). In the fourth
iteration, both candidates failed the gate: one corrected 57.14% of its cluster but only
four items (π4 = 0.125), the other corrected 28.57%. The loop therefore stopped after
four global steps and returned the prompt of G4. For Gemma 3n, the loop accepted
two rules and rejected three. The development EM increased from 41.65% (G1) to
45.88% (G2) and 50.10% (G3), a gain of 8.45 pp, and the loop stopped after three
global steps when both candidates of the third iteration corrected at most one item
of their clusters.
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Fig. 5 Convergence of the optimization loop on the development set. Top: global exact match
accuracy y(pk−1) of the current prompt in each global step; the last point is the returned prompt
p∗. Bottom: local accuracy yC

k
of each candidate rule on its error cluster; filled markers are accepted

rules, hollow markers are rejected rules. The dashed line is the threshold τ of the gate in Eq. (9); a
rule must also correct at least five items (πk ≤ 0.0625)

Because only accepted rules enter the prompt, the development accuracy increased
monotonically in both runs. The gate was effective in filtering harmful rules: in our
previous study, the rejected candidates were also evaluated on the whole development
set, and each of them would have lowered the accuracy, by 0.21 to 1.61 pp for Qwen3
4B and by 0.61 to 2.01 pp for Gemma 3n [34].

The final prompts were evaluated once on the held-out test set. The test EM of
Qwen3 4B increased from 56.69% with the base prompt to 66.45% with the optimized
prompt, and that of Gemma 3n from 40.13% to 49.89%; both gains (9.76 pp) are sig-
nificant according to the McNemar test (p < 10−5) [34]. The test gains are smaller
than the development gains for Qwen3 4B (10.86 pp), which indicates a slight overfit-
ting of the rules to the development set. In the rest of the article, development values
are used for the behavior of the loop and test values for the comparison with other
systems.
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The local accuracy of the candidate rules varied widely, from 0% to 89.47% for
Gemma 3n and from 20.00% to 97.06% for Qwen3 4B. The gate requires both a high
local accuracy and a minimum number of corrected items, so a rule that corrects most
items of a very small cluster is not accepted on the basis of a few lucky corrections.

3.2 Evolution of the error clusters

Fig. 6 shows how the mispredictions are distributed over the error types in each global
step, together with the number of HDBSCAN clusters and noise points.
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Fig. 6 Evolution of the failure modes over the global steps of the optimization loop. Cells give the
number of mispredicted development items per error type (same color scale in both panels); column
headers give the global development EM. Outlined cells contain the examined clusters: ✓n marks a
cluster of n items whose rule was accepted (solid outline), ×n one whose rule was rejected (dashed
outline). Every examined cluster contained a single error type. The rows below give the number of
errors, HDBSCAN clusters and noise points of each step

In the first global step, scale errors were the largest group for both models (79
of 199 errors for Qwen3 4B and 75 of 290 for Gemma 3n), and the first examined
cluster of both models consisted only of percentage-change questions answered with
a wrong scale. The corresponding rule removed most of these errors: 44 scale errors
of Qwen3 4B disappeared, and the number of scale errors fell from 79 to 31. The rule
also had a side effect. For Qwen3 4B, 20 previously correct questions that ask for a
plain difference (e.g., “What was the change in . . . ”) became calculation errors, so the
number of calculation errors rose from 28 to 52. The next accepted rule (“change in
percentage is a subtraction”) repaired 17 of these 20 items and reduced the calculation
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errors to 32. For Gemma 3n, the first rule was followed by an increase of syntax errors
from 23 to 41, which fell back to 28 after the second accepted rule. Selection errors,
where the generated program does not find the right values in the table, were hardly
affected by the loop (47–54 for Qwen3 4B and 130–138 for Gemma 3n) and remain the
largest error group at the end of both runs; the candidate rules that targeted selection,
sign and runtime clusters were mostly rejected. The number of clusters decreased from
45 to 38 for Qwen3 4B and from 65 to 56 for Gemma 3n, while 16 to 43 errors per
step remained unclustered noise.

3.3 Power profile and energy per step

Fig. 7 and Fig. 8 show how the power draw changes during the optimization. The
global steps dominate the energy budget. They account for 96.3% of the total energy
of Qwen3 4B (337.73 of 350.61Wh) and for 94.1% of the total energy of Gemma 3n
(754.00 of 801.59Wh). The cluster steps are short and cost between 0.9 and 11.0Wh
each.
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Fig. 7 Mean power of the workstation during the optimization steps (accepted path, Tables 3 and 4).
Each row is one step; its duration is divided into 20 equal intervals, and each cell gives the mean
outlet power in the interval, averaged over the 10 runs. Both panels use the same color scale; the
mean power of each step is given on the right.
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The average power was very stable within each step type. During global steps,
it was between 421.6 and 422.9 W for Qwen3 4B and between 384.9 and 385.6 W
for Gemma 3n. The cluster steps showed larger variation (353.5–415.3 W for Qwen3
4B), probably because short steps include a larger share of start-up and idle phases.
Although Qwen3 4B drew about 10% more power, it answered each question about
three times faster (1.41–1.54 s versus 4.62–4.83 s per item in the global steps). As a
result, its energy per item was about three times lower (0.165–0.181 Wh versus 0.493–
0.516 Wh). Although the Gemma 3n run required one fewer global step, its total
optimization energy was 2.3 times higher; the Qwen3 4B run used 56.3% less energy.
In other words, the energy of prompt optimization depends mainly on the inference
speed of the base model, while the energy of fine-tuning depends mainly on its size.

3.4 Prompt optimization versus gradient-based fine-tuning

Table 6 compares the optimized CGA with published fine-tuned models, and Table 7
summarizes the energy of the optimization runs. Figure 9 contrasts the energy of the
two adaptation paradigms, and Figure 10 relates model size, energy, and accuracy.

For Qwen3 4B, the complete prompt optimization consumed 350.61 Wh. The
estimated LoRA fine-tuning of the same model requires 7,410.53 Wh, which is 21.1
times more. The estimated full fine-tuning with 3 epochs requires 3,557.05 Wh, which
is 10.1 times more. A single global evaluation of the development set costs on average
84.4 Wh (0.17 Wh per question), which is about 88 times less than the LoRA estimate.
The fine-tuning estimates include a PUE factor, while the wall-outlet measurement of
the workstation does not. If we apply the same PUE of 1.1 to the GPU-only energy
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Table 6 Accuracy and adaptation energy of fine-tuned reference models and of the
prompt-optimized CGA on the TAT-QA test set. FT: fine-tuning, PO: prompt optimization, MR:
manually written prompt rules

Model Base model Method EM Base EM ∆EM Time (h) E (Wh) ηacc ηimp

MATATA Phi-3-mini 3.8B FT 74.20 51.29 22.91 16.00 7,040 94.88 307
TAT-LLM Llama 2 70B FT 81.42 45.94 35.48 141.47 62,248 764.53 1754
CGA GPT-3.5 Turbo – 52.62 – – – – – –
CGA GPT-3.5 Turbo MR 66.27 – – – – – –
CGA Gemma 3n PO 49.89 40.13 9.76 2.09 802 16.07 82
CGA Qwen3 4B PO 66.45 56.69 9.76 0.83 351 5.28 36

ηacc and ηimp in Wh per EM point (Eqs. 1–2). The training time of TAT-LLM is derived from the training
setup published by its authors [47]. CGA values are measured on our filtered test subset (N = 471) [32, 34];
for PO, Base EM is the test EM of the base prompt, and E and Time are those of the optimization loop
on the development set.

Table 7 Energy, mean power and duration of the complete prompt optimization runs, with the
share of the global steps and the development EM gain (mean of 10 runs)

Model Energy (Wh) Avg. power (W) Time (h) Global-step share EM gain (pp)

Gemma 3n (total) 801.587 384.2 2.086 94.1% 8.45
Qwen3 4B (total) 350.606 421.5 0.832 96.3% 10.86

Gemma 3n (GPU only) 688.918 330.2 2.086 – –
Qwen3 4B (GPU only) 305.691 367.5 0.832 – –

Global-step share: energy of all G steps divided by the total energy. EM gain: development of EM of the
final prompt minus the EM of the base prompt. GPU only: total energy minus a constant non-GPU baseline
of 54 W over the run time.

of prompt optimization (305.69 Wh), we obtain 336.26 Wh, and the ratios become
22.0 (LoRA) and 10.6 (full fine-tuning). The comparison is therefore not sensitive to
this choice.

For Gemma 3n, the advantage is smaller. Its optimization consumed 801.59 Wh,
which is 1.7 times less than the estimated LoRA energy (1,389.47 Wh) but 1.2 times
more than the estimated full fine-tuning energy (666.95 Wh, ratio 0.83). The main
reason is the MatFormer multiplier March = 0.25 in the estimate, which reduces the
estimated training time to one quarter. If Gemma 3n is treated as a dense model
(March = 1.0), the estimates become 5,557.88 Wh for LoRA and 2,667.80 Wh for
full fine-tuning, and the ratios become 6.9 and 3.3. The energy advantage of prompt
optimization is therefore clear for fast models such as Qwen3 4B, but less so for slower
models.

In terms of accuracy, the optimized Qwen3 4B agent (66.45% test EM) clearly
outperforms the GPT-3.5 Turbo-based CGA without prompt rules (52.62%) [32], and
it is on par with the GPT-3.5 Turbo-based CGA that uses manually written rules
(66.27%) [34]. A 4-billion-parameter model running on-premises thus matches a much
larger proprietary model. The fine-tuned MATATA (74.2% EM) [49] and TAT-LLM
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with Llama 2 70B (81.42% EM) [47] are more accurate. However, their energy-to-
accuracy ratios are 94.88 and 764.53 Wh per EM point, while the optimized CGA
requires 5.28 Wh per EM point.

The energy-to-improvement ratio shows the same pattern: 36 Wh per EM point
gained for prompt optimization, versus 307 and 1,754 Wh for the two fine-tuned
systems. Prompt optimization thus gives a smaller absolute improvement (9.76 pp)
but at a much lower energy cost per point.

3.5 Robustness of the comparison

The energy measurements were highly stable. The coefficient of variation of the total
energy was 0.237% for Gemma 3n and 0.238% for Qwen3 4B, and the 95% confidence
intervals of the means are narrower than 3 Wh (Table 5). The uncertainty of the
comparison, therefore, comes almost entirely from the fine-tuning estimates.

With a ±25% variation of both multipliers, the estimated LoRA energy of Qwen3
4B ranges from 4,168.42 to 11,578.95 Wh. Even at the lower bound, prompt opti-
mization uses 11.9 times less energy, and at the upper bound, 33.0 times less. The
same variation yields a range of 2,000.84 to 5,557.89 Wh for full fine-tuning, cor-
responding to ratios between 5.7 and 15.9. For Gemma 3n, varying the MatFormer
multiplier between 0.15 and 0.35 gives a LoRA estimate between 833.68 and 1,945.26
Wh and a full fine-tuning estimate between 400.17 and 933.73 Wh. The correspond-
ing ratios range from 1.04 to 2.43 for LoRA and from 0.50 to 1.16 for full fine-tuning.
Prompt optimization of Gemma 3n therefore needs less energy than LoRA over the
whole range, but the comparison with full fine-tuning is not robust to the choice of
March. For Qwen3 4B, the conclusion that prompt optimization needs substantially
less energy than both fine-tuning methods holds for the entire tested range.

3.6 Break-even point and operational indicators

For Qwen3 4B, prompt optimization saves 7,059.92 Wh compared with LoRA and
3,206.44 Wh compared with full fine-tuning. If we assume, as in the conference version,
that the longer prompt adds ∆einf = 0.05 Wh per query, Eq. (17) gives a break-
even point of about 141,200 queries for LoRA. Our measurements suggest that this
assumption is conservative. The energy per item of the global step with the final
prompt (G4, 0.181 Wh) is 0.014 Wh higher than that of the base prompt (G1, 0.167
Wh). With this value, the break-even point would be about 510,000 queries. Because
the energy per item also varies between global steps for reasons other than the prompt
length (0.165 to 0.181 Wh), this second value should be treated as indicative only.

Table 8 translates the energy figures into indicators relevant to AIBO decision-
makers: electricity costs, greenhouse gas emissions, and human effort.

For a single adaptation, the absolute numbers are small. Prompt optimization of
Qwen3 4B costs about 0.06 EUR of electricity and causes about 0.07 kg CO2e, and
the saving compared with LoRA is about 1.30 EUR and 1.5 kg CO2e. At this scale,
the 2 to 3 person-hours of rule synthesis are by far the largest cost item, exceeding
the electricity costs of any of the three adaptation methods; fine-tuning also requires
expert effort for data preparation and training setup, which we did not quantify. The
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Table 8 Operational (OPEX) and sustainability indicators of the adaptation of Qwen3 4B

Adaptation Source Energy (kWh) Cost (EUR) CO2e (kg) Expert effort (h)

Full fine-tuning estimated 3.557 0.65 0.747 n/m
LoRA fine-tuning estimated 7.411 1.36 1.555 n/m
Prompt optimization measured 0.351 0.06 0.074 2–3

Saving vs. LoRA 7.060 1.30 1.482 –
Saving vs. full FT 3.206 0.59 0.673 –

Scenario: 20 adaptations per year (5 business units, quarterly re-adaptation)
Saving vs. LoRA per year 141.198 25.94 29.638 –
Saving vs. full FT per year 64.129 11.78 13.461 –

Cost = E×cel with cel = 0.1837EUR/kWh, the EU-27 average electricity price for non-household consumers
(annual consumption 500–1,999MWh, excluding VAT, second half of 2025; Eurostat dataset nrg pc 205)
[55]. CO2e = E × CI with CI = 209.9 gCO2e/kWh, the carbon intensity of EU-27 electricity generation in
2025 [56]. n/m: not measured; fine-tuning additionally requires data preparation and training set-up, which
we did not quantify. The fine-tuning energies are estimates (Table 2).

energy advantage becomes relevant at scale. With 20 adaptations per year, for exam-
ple, quarterly re-adaptation in five business units, prompt optimization saves about
141 kWh, 26 EUR, and 30 kg CO2e per model compared with LoRA, and organiza-
tions that maintain many models, adapt larger models, or re-adapt more often save
proportionally more. Equally important for regulated companies, the energy of every
adaptation is measured and documented, which supports emissions accounting and
the reporting obligations discussed in Section 1. With the Hungarian non-household
electricity price (0.2132 EUR/kWh) [55] and carbon intensity (163.0 g CO2e/kWh in
2025) [56], the cost figures are 16% higher and the emission figures 22% lower.

4 Discussion and conclusion

4.1 Technological limitations

Two limitations are central. First, the rule synthesis step is still manual or semi-
automated. It requires a domain expert for about 2 to 3 person-hours per run, which
limits out-of-the-box use and adds a cost not captured by energy measurements. Sec-
ond, the energy comparison is asymmetric. The energy of prompt optimization was
measured directly, while the energy of fine-tuning was estimated with a scaling model
anchored to a single empirical baseline. The multipliers of this model come from audit-
ing conventions, and the assumed TDP of 400 W is a hardware ceiling; real training
usually draws less power. Our sensitivity analysis shows that the conclusion is robust
for Qwen3 4B; for Gemma 3n, it is robust against LoRA but not against full fine-
tuning. The reported ratios should therefore be read as order-of-magnitude estimates.
Further limitations are that we studied a subset of one benchmark, two SLMs of similar
size, and a single hardware platform for inference.

4.2 Practical applicability

Because it is energy-efficient, keeps data on-premises and can be audited, the approach
is well suited to regulated industries such as finance and the energy sector. The model
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runs on-premises, so confidential data stays within the internal network. Every adapta-
tion step is a readable rule that can be reviewed, approved, or removed, which supports
internal control and regulatory audits. The energy of the adaptation is measured and
documented, which supports the reporting duties mentioned in Section 1. For AIBO,
this means that model adaptation can be managed as a transparent, controlled busi-
ness process with a known energy and cost budget, rather than as an opaque training
job. Our results also show when this is most beneficial: the base model should be fast
at inference, because the cost of prompt optimization is dominated by repeated eval-
uations of the development set. The same properties make the framework a practical
teaching tool for courses on the business applications of AI.

4.3 Future research directions

We see three directions for future work. First, the rule synthesis step can be automated
with meta-prompting, in which a language model proposes rules from the cluster
summaries and the expert only approves them. This would reduce human effort while
keeping the method explainable. Second, both adaptation paradigms should be run
on identical hardware and workloads, so that the comparison is fully measured rather
than partly estimated. Third, since 94 to 98% of the energy is spent in global evaluation
steps, the loop can be made cheaper by re-evaluating only items that a new rule
is likely to affect, or by using a stratified sample of the development set. From a
control perspective, a formal analysis of the convergence of the loop under such partial
measurements is also an open question.

4.4 Concluding remarks

Accurate tabular reasoning, as this study shows, can be obtained without energy-
intensive fine-tuning. Formulated as a feedback control loop, error-driven prompt
optimization enabled a 4-billion-parameter model to match a much larger proprietary
model, with an adaptation energy an order of magnitude below that of gradient-based
methods for the same model. The method is precise, explainable and provable, which
makes it a practical building block for sustainable, responsible AI-based business
optimization.
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curation, measurements, writing original draft, and formal analysis. A.H.: concep-
tualization, supervision, writing review, and editing. All authors read and approved
the final manuscript.

• Use of AI tools: The authors used generative artificial intelligence tools, specifically
Gemini (Google), ChatGPT (OpenAI), Claude (Anthropic), and Grammarly, in
preparing this manuscript and the associated research. The core concepts, research
methodology, and scientific contributions of this paper constitute original work
by the authors. All AI-generated outputs, including text refinements, source code
fragments, and visual elements, were produced under human supervision, hand-
validated, and critically reviewed and edited by the authors. The authors remain
fully responsible for the accuracy, integrity, and originality of the final content.

• Prior publication: This article extends the conference paper [35] (R. Lakatos, Á.
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