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Abstract

Large language models (LLMs) are increas-
ingly deployed on mobile devices, making en-
ergy efficiency a key deployment constraint,
yet the energy impact of prompt design remains
underexplored. This paper aims to understand
how two prompt properties, cognitive load and
phrasing pattern, shape the energy behavior
of on-device LLM inference. We conduct a
broad empirical study covering prompt proper-
ties, datasets, models, and devices, with phase-
level profiling that separates prefill and decode
energy. We find that cognitive load primarily af-
fects the energy cost per token, while phrasing
pattern affects energy largely through token us-
age. Our energy-quality analysis further shows
that prompt design reshapes the attainable fron-
tier differently across models, highlighting the
need for model-aware prompt design in energy-
efficient on-device LLM inference. Code,
datasets, and scripts are available at https:
//amai-gsu.github.io/PromptProperty/.

1 Introduction

The deployment of Large Language Models
(LLMb) is increasingly expanding beyond cloud
serving toward on-device execution on mobile and
edge platforms (Chen et al., 2020; Zhou et al.,
2019). This trend is driven by the growing de-
mand for stronger user privacy guarantees, lower
inference latency, and reliable offline access (Das
et al., 2025). However, unlike cloud-based in-
ference, where energy consumption is amortized
across large-scale infrastructure and has little im-
mediate impact on users, on-device inference is
powered by finite batteries, making energy effi-
ciency a strict and user-visible constraint (Liu et al.,
2024). As a result, energy efficiency has emerged
as a key bottleneck limiting widespread adoption
of on-device LLMs (Schwartz et al., 2020).
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Prior research on efficient LLMs has overwhelm-
ingly focused on model-centric optimization tech-
niques, including quantization, pruning, architec-
tural compression, and distillation (Xiao et al.,
2023; Dettmers et al., 2022; Frankle and Carbin,
2019; Gu et al., 2024; Hinton et al., 2015). These
approaches improve inference efficiency primar-
ily by reducing model size and computational cost
through parameter or architectural modification,
and have become the dominant strategy for on-
device LLM deployment. In addition, several re-
cent studies have examined prompt sensitivity by
analyzing how variations in prompt phrasing, struc-
ture, and formatting affect the quality and stability
of model outputs (Long et al., 2025; Ismithdeen
et al., 2025; Zhu et al., 2024; Lu et al., 2022). How-
ever, a fundamental question remains largely un-
explored: how does prompt design itself affect the
energy consumption of on-device LLM inference?
If different prompt variations induce substantially
different energy costs, even when producing com-
parable outputs, prompting could serve as a new,
model-agnostic approach to improving energy effi-
ciency beyond model-centric optimization.

Studying how prompt variations affect the en-
ergy consumption of on-device LLMs is non-trivial.
First, prompts are linguistic artifacts, whereas en-
ergy consumption depends on the computation they
trigger inside the model, and there is no direct
mapping between the two. Understanding why
a prompt is energy-consuming therefore requires
carefully designed empirical analysis that systemat-
ically links prompt variations to differences in com-
putational behavior and measured power consump-
tion. Second, it is challenging to construct prompt
variants in a principled way. Prompt variants can
differ along many dimensions, such as phrasing,
cognitive load, or length, and naive changes may
unintentionally alter task semantics. Designing
prompt variants that isolate specific prompt proper-
ties while preserving comparable task intent is es-
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sential for attributing observed energy differences
to prompt design. Finally, deriving generalizable in-
sights requires moving beyond isolated examples to
identify consistent patterns that hold across prompt
variants, tasks, models, and hardware devices.

To address these challenges, we design and con-
duct a comprehensive empirical study that system-
atically examines the impact of prompt variants on
the energy consumption of on-device LLM infer-
ence. Our contributions are summarized as follows:

* New dataset construction for cognitive load.
We construct a new prompt dataset that varies
cognitive demand while preserving task in-
tent. We then develop LLM-based scoring
and embedding similarity to ensure semantic
consistency and limit semantic variation. This
dataset enables a controlled examination of en-
ergy variation associated with cognitive load
demand rather than semantic differences.

Empirical study of prompt property effects.
We present the first large-scale empirical study
of how two prompt properties, Phrasing Pat-
tern and Cognitive Load, affect energy con-
sumption in on-device LLM inference, span-
ning an evaluation space of prompt variants
x datasets X models x devices. This enables
the first study of how linguistic form and rea-
soning demand influence the computational
behavior of on-device LLM inference.

Energy behavior analysis and empirical
findings. We analyze energy behavior using
per-token energy and token usage, which in-
dicate the cost per token and the number of
tokens processed or generated, respectively.
We find that cognitive load mainly affects
per-token energy variation, while phrasing
patterns primarily affect token usage. We
further show that energy-quality trade-offs
are model-dependent, offering guidance for
model-aware, energy-efficient prompt design.

2 Prompt Properties and Datasets

This section first describes the two prompt prop-
erties motivated by prior literature, and then intro-
duces the datasets used to study them.

2.1 Prompt Properties

To analyze how prompt variations affect energy
behavior, we focus on two representative prompt
properties: Phrasing Pattern and Cognitive Load.

Phrasing pattern characterizes linguistic and struc-
tural variation under semantic equivalence, while
cognitive load introduces the reasoning structure
and cognitive demand. The two properties capture
complementary aspects of prompt variation, cover-
ing both expression form and reasoning demand, as
shown in Figure 1. The detailed definitions of the
phrasing pattern and cognitive load sub-properties
are provided in Appendix A.

Phrasing pattern. Prior studies have shown that
semantically equivalent paraphrases can induce
substantial variability in model behavior, raising
concerns about robustness and evaluation reliabil-
ity (Ismithdeen et al., 2025; Mizrahi et al., 2024).
Motivated by this sensitivity, we study phrasing pat-
tern as a prompt property that characterizes varia-
tions in tone, linguistic style, and presentation struc-
ture while maintaining semantic intent. Drawing
on the taxonomy of phrasing styles introduced by
Sotic and Kamps (2025) for the CLEF 2025 ELO-
QUENT Lab (Karlgren et al., 2025), we consider
seven sub-properties: Aggressive Tone, Conversa-
tional Tone, Chain-of-Thought (CoT), Formatting
Differences, Persona-Based Prompts, Polite Tone,
and Technical/Jargon-Heavy Prompts.

Cognitive load. Cognitive Load Theory catego-
rizes cognitive load into intrinsic load, extraneous
load, and germane load, emphasizing that problem-
solving requires meticulous management of cog-
nitive load (Sweller and Chandler, 1991). Recent
work conceptualizes cognitive load as a prompt-
level property that systematically influences model
reasoning behavior (Long et al., 2025). In this pa-
per, we examine cognitive load through three sub-
properties: Intrinsic Load, Extraneous Load, and
Germane Load. Each sub-property is represented
by explicit prompt cues that vary the reasoning
demand while preserving the original task intent.

2.2 Prompt Datasets

For phrasing pattern, we select variants from an
existing robustness evaluation dataset; for cognitive
load, we construct a new dataset.

Public benchmark dataset for phrasing pattern.
To study phrasing pattern, we use the dataset in-
troduced by Sotic and Kamps (2025), which offers
controlled stylistic variations of semantically equiv-
alent prompts for robustness evaluation. We retain
prompts covering the seven selected sub-properties.
New dataset construction for cognitive load. As
no existing public benchmark is designed to cap-
ture cognitive load across its three sub-properties



(a)

Phrasing Pattern

Base

My family has lived for many generations in a
village and we still have a building there. No
one lives there but it doesn’t cost anything to
keep. Now I will inherit it. Should I sell it and
invest, or keep it?

Conversational

Hey! My family owns this old house in a
village that we barely use. I'm about to inherit
it, and I’m wondering - should T keep it or
sell it and invest the money?

I’'m inheriting an old family building no one
uses. Should I ditch it for some stock-market

gains or keep it? “Don’t sugarcoat it.”

Format

I'm inheriting a family house:\\n- No one
lives there\n- We use it sometimes for
gatherings\\n- It doesn't cost much to keep\\n-
Should I sell it and invest, or keep it?

Chain-of-Thought

Let’s break this down. You're inheriting a
family property that isn’t used often but
doesn’t cost much to maintain. Keep or sell?
Walk through the logic step-by-step.

Persona

As a career counselor, how would you advise
someone who is studying Medicine under
parental pressure but feels passionate about
Art instead?

Conduct a cost-benefit analysis on retaining
a legacy property with low maintenance
overhead versus liquidating the asset for
market reinvestment.

Polite

May I kindly ask for your perspective on
whether I should sell a family property I am
about to inherit, or keep it for sentimental
reasons?

(b)

Cognitive Load

Base

Julia played tag with 5 kids on Tuesday. She
had played tag with 6 kids on Monday. How
many more kids did she play with on Monday
than on Tuesday?

Intrinsic Load

To find the difference, follow these steps:
Step 1: Identify Monday = 6. Step 2: Identify
Tuesday = 5. Step 3: Subtract to find the
answer.

Extraneous Load

On a Monday afternoon, when the school
bell rang at 3 PM, 8-year-old Julia joined a
game with 6 children. The next day was

Germane Load

Use your knowledge of the simple-
difference concept to determine how many
more kids Julia played with on Monday (6)
compared to Tuesday (5).

cloudier; she played but this time with only 5
kids.

Figure 1: Prompt examples for two prompt properties. (a) Phrasing pattern includes a base prompt and seven sub-properties
that capture surface-level linguistic and structural variations under the same semantic intent. (b) Cognitive load includes a base
prompt and three sub-properties that vary the information density and reasoning demand of the prompt.

(intrinsic, extraneous, and germane load), we con-
struct a new dataset for cognitive load property
using a manually designed template that guides
the LLM in generating prompt variants (see Ap-
pendix B). For each sub-property, we create dedi-
cated prompt variants while minimizing confound-
ing cues from the other sub-properties. We sample
base prompts as semantic anchors from three pub-
lic datasets that represent distinct reasoning types:
SVAMP (arithmetic word problems) (Patel et al.,
2021), BoolQ (binary yes/no question answering)
(Clark et al., 2019), and AI2-ARC (multiple-choice
science questions) (Clark et al., 2018).

3 Empirical Study Pipeline

This section describes the empirical study pipeline
we designed. As shown in Figure 2, the workflow
consists of three stages: prompt generation, prompt
validation, and on-device energy profiling.

3.1 Prompt Variation Generation

For cognitive load property, we generate three vari-
ants for each base prompt, corresponding to intrin-
sic, extraneous, and germane load. We employ
Gemini-2.5-Pro API (Comanici et al., 2025) as
the generator. Given a base prompt sampled from
public datasets, the generator produces candidate
prompt variations that target a specific prompt sub-
property while preserving semantic meaning. The
generation process follows three rules: (i) Single-
property isolation, where each variation instanti-
ates only one prompt sub-property to avoid prop-
erty overlap; (ii) Semantic preservation, where the
original task intent and expected answer remain un-
changed; and (iii) Sub-property consistency, where
each individual variation strictly follows the precise

definition of its intended target sub-property.

3.2 Prompt Variation Validation

To ensure that the generated prompt variants are
valid and aligned with the intended cognitive load
sub-property, all candidates are passed through a
rigorous validation process: (i) Property purity:
confirming that each candidate strictly reflects its
target sub-property while avoiding overlap with
other sub-properties. (ii) Semantic similarity: ver-
ifying that each candidate remains semantically
aligned with the base prompt, with alignment quan-
tified using embedding-based cosine similarity.
Prompt variation scoring. For prompt variation
quality control, we adopt the rubric-based scoring
system from (Long et al., 2025), which provides not
only the definitions but also the standardized evalu-
ation template for cognitive load properties (see Ap-
pendix C). Specifically, we invert the standard scor-
ing direction for extraneous load, so that a higher
score indicates a stronger presence of irrelevant and
redundant information and better alignment with
the intended extraneous load sub-property.
Following the evaluation template, each varia-
tion receives a score vector s = (s;, S¢, S¢) over
the three cognitive load sub-properties. To isolate
the target property, we retain only variations whose
target sub-property score is at least 8 while all non-
target scores are at most 3 on the 1-10 scale.
Semantic consistency filtering. We further filter
each prompt variation group to prevent semantic
drift from the original task. Specifically, for each
base prompt embedding ey and variation embed-
ding e;, we compute cosine similarity. Given the
structural rewriting required by cognitive load in-
stantiation, we adopt a threshold 7 and retain a
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Figure 2: Empirical study pipeline. Prompt variants are generated from base prompts using property definitions and generation
constraints, then validated through scoring and semantic similarity filtering. Validated prompts are deployed on lightweight
LLMs (Gemma-2-2B (Team et al., 2024), Llama-3.2-1B (Grattafiori et al., 2024), Qwen-2.5-0.5B/1.5B (Team, 2024), and
SmolLM2-360M (Allal et al., 2025)) via MLC-LLM to collect phase-level power, latency, and response quality measurements.

prompt variation group only if all its variations
remain above this threshold:

(D

min CosSim(ep, €;) > T,
(2
where we use a relaxed threshold 7 = 0.6 to ac-
commodate added cognitive load information.

3.3 On-Device LLM Inference Profiling

We run the validated prompts on mobile devices us-
ing instruction-tuned, quantized models deployed
locally through the MLC framework. All prompts
are evaluated using a fixed inference configuration.
On-device power and latency profiling frame-
work. Building on MLC-LLM (MLC-LLM Team,
2023) and LM-Meter (Wang et al., 2025), we de-
velop a profiling framework for measuring power
and latency during on-device LLM inference. The
framework instruments the inference runtime to
record the start (¢5) and end (%) timestamps of the
prefill and decode phases, which define phase-level
latency and the corresponding energy integration
windows. We divide on-device inference into two
phases. The prefill window spans from request ar-
rival to first-token sampling, covering tokenization,
queueing, embedding, the prefill forward pass, and
first-token sampling; the decode window covers all
subsequent token generation. This extended win-
dow is used instead of the isolated prefill forward
pass to capture all energy consumed before the first
output and cleanly separate the two phases.
Concurrently, we sample device-level current
I(t) and voltage V' (¢) through Android Debug
Bridge (ADB) to construct power traces. Hardware-
specific interfaces and device settings are summa-
rized in Table 3. Instantaneous power is computed

as P(t) = I(t) - V(t). After aligning the inference
traces with the power measurements, we estimate
the phase-level energy Ephase by integrating power
over the corresponding phase window [t, t.], ap-
proximated using discrete samples:

Q

te
Eipase = / Pt) dt

ts

where Zphase denotes the set of power-sample in-
dices whose timestamps fall within the phase win-
dow, and At is the effective sampling interval.
Response logging. For each run, we record the
generated response and run-level metadata, includ-
ing device, model, prompt ID, token counts, and
timestamps. These records support traceable anal-
ysis across prompts, models, devices, and energy
measurements. Detailed latency, energy, token, and
quality statistics are provided in Appendix F.

3.4 Response Quality Evaluation

We evaluate response quality with task-specific
metrics: accuracy for ground-truth tasks and
reference-free assessment for open-ended tasks us-
ing DeepEval (Ip and Vongthongsri, 2026), with a
randomly sampled subset manually verified.

Cognitive load tasks. For cognitive load datasets
with ground-truth answers, we measure response
quality with Exact Match (EM) accuracy. Since
prompt variations preserve semantic intent, models
should produce the same correct answer across
variants. EM helps ensure that energy differences
are not attributable to degraded correctness.

Phrasing pattern tasks. For phrasing pattern
tasks, strict accuracy is unsuitable because the



prompts are open-ended and can elicit multiple
valid responses. In addition, the reference answers
are LLM-generated rather than objective ground
truth. We score each open-ended response along
six dimensions: Relevance, Correctness, Coher-
ence, Completeness, Instruction Adherence, and
Internal Consistency. Each dimension is scored
on a 0-1 rubric, with the dimension definitions and
evaluation rubric provided in Appendix E.

4 Results and Analysis

Prefill processes the input prompt, while decode
generates the response. We therefore report phase-
level energy alongside total energy to analyze how
prompt variations affect each phase. We compare
per-token energy with token usage, indicating the
cost of processing each token and the number of
tokens processed or generated:

Ephase = €phase * Tphases (3)

where Fjp,se denotes the energy consumption of a
given inference phase, eppase denotes the per-token
energy, and Tphase denotes the number of tokens
processed or generated in that phase.

To understand how prompt properties affect the
energy cost per token and the number of tokens
processed and generated, we organize this section
around the following three research questions:

* RQI1: To what extent is per-token energy
shaped by prompt properties relative to de-
vice and model factors?

* RQ2: How do prompt properties affect token
usage across the prefill and decode phases?

* RQ3: Can prompt properties shift the energy-
quality frontier across model architectures?

4.1 RQ1: Per-token Energy Analysis

To answer RQ1, we first examine whether prompt
properties change the energy cost of processing
each token, as shown in Figure 3. Due to space
constraints, we provide the remaining per-token
energy analyses across prompt properties, devices,
and models in Appendix G.

Observation 1: Prefill costs more energy per token
than decode on most models. On LLaMA-3.2-1B
and both Qwen models, per-token prefill energy is
3-6x that of decode, while Gemma-2-2B shows
the opposite. This inversion relative to server-scale

inference is known for on-device runtimes, reflect-
ing limited compute, memory bandwidth, and the
absence of parallelized prefill support (Wang et al.,
2025). Part of the prefill window (e.g., tokeniza-
tion, queueing, embedding) does not scale with
prompt length; thus on-device prefill exhibits a pro-
nounced amortization effect: longer prompts yield
lower per-token energy. The effect is largest on
Gemma-2-2B, which has the lowest marginal per-
token prefill energy: its normalized prefill values
fall to 0.67x under extraneous load.

Observation 2: Absolute per-token energy is pri-
marily model-dependent. Across both prompt prop-
erties, absolute per-token energy is primarily de-
termined by the executed model rather than the
prompt sub-property. Across both phrasing pattern
and cognitive load, the separation between model
curves is much larger than the variation across
prompt sub-properties within the same model. This
indicates that model architecture and scale remain
the dominant factors in per-token execution cost.
Observation 3: Phrasing pattern exhibits limited
normalized per-token energy variation. For phras-
ing pattern variants, the normalized heatmaps re-
main close to the base prompt across most models
and sub-properties. Most values fluctuate around
1.0 in both prefill and decode, indicating that
surface-level changes in tone, persona, formatting,
politeness, or technical wording do not substan-
tially alter the cost of processing each token. While
some models show small deviations for specific
sub-properties, these changes are modest compared
with the absolute differences across models.
Observation 4: Cognitive load substantially affects
per-token decode energy. Compared with phrasing
pattern, cognitive load variants produce more visi-
ble changes in per-token energy in decode phases.
During decoding, extraneous and germane load in-
crease per-token energy for Qwen-2.5-0.5B, Qwen-
2.5-1.5B, and SmolLM2-360M, with extraneous
load reaching 1.29 x on Qwen-2.5-1.5B. This indi-
cates that cognitive load affects per-token execution
cost in a phase- and model-dependent manner.

/Finding. Per-token energy is primarily model—\
driven, but cognitive load introduces variation
in per-token inference cost that surface phras-
ing largely does not. This suggests that energy
analysis should distinguish reasoning demand
from linguistic form, rather than relying only on

aggregate energy or token-count explanations.
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Figure 3: Per-token energy analysis across prompt properties. (a) Phrasing pattern results on Pixel 8 Pro across prefill
and decode phases, and (b) cognitive load results on BoolQ across prefill and decode phases. The first row shows absolute
per-token energy for the prefill and decode phases, with shaded bands denoting +1 standard deviation across prompts within
each sub-property; the second row reports each sub-property’s per-token energy normalized by the corresponding base prompt.
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4.2 RQ2: Token Footprint Analysis prompt but also model generation behavior.

Observation 3: Phase burden differs across phras-
ing patterns. The bottom row shows that token-
related energy burden is not distributed uniformly
across inference phases. CoT and aggressive
prompts often increase decode burden, indicating
stronger effects on response generation. In con-
trast, format prompts can increase prefill burden
while reducing or weakly increasing decode burden,
suggesting that some phrasing patterns shift cost
toward input processing rather than generation.

As shown in Figure 4, we analyze how phrasing
patterns affect token usage and phase-level burden.
Due to space constraints, we provide the remain-
ing token usage and phase burden results across
properties, devices, and models in Appendix H.

Observation 1: Phrasing patterns substantially re-
shape token usage. The top row shows that CoT
and aggressive prompts consistently increase token
usage relative to Base, while format, polite, and
technical prompts stay closer to Base and some-

times reduce tokens. Therefore, surface-level phras- ) )
ing alone can alter inference computation, even Finding. Phrasing patterns shape energy be-

when per-token energy shifts are small. havior primarily by affecting token usage
during inference, rather than the per-token

processing cost. This suggests that energy
consumption does not simply scale with to-
tal token usage; energy analysis should also

Observation 2: Token usage effects are model de-
pendent. The same phrasing pattern can lead to
different token expansion across models. For ex-
ample, CoT produces much larger total token ratios . .

on SmolLM2-360M and Qwen-2.5-0.5B than on | Conice! oW Phrasing patiems alter model-
Gemma-2-2B or LLaMA-3.2-1B. This suggests P AR DR Y,
that phrasing patterns affect not only the input
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Figure 5: Response quality across phrasing pattern sub-properties and models. Heatmaps show quality varies across
metrics, phrasing patterns, and models. Each heatmap shows one metric; rows are sub-properties and columns are models. Cells
report mean scores, with darker green indicating higher quality.

4.3 RQ3: Energy-quality Trade-off Analysis

For RQ3, we analyze the energy-quality trade-off
by first examining response quality across phrasing
pattern sub-properties and metrics, as shown in Fig-
ure 5. We then evaluate how each phrasing pattern
shifts the energy-quality frontier under fixed model
weights, as shown in Figure 6. Due to space con-
straints, we provide the remaining energy-quality
results across models and metrics in Appendix L.
Observation 1: Response quality varies across
models and metrics. Figure 5 shows that response
quality is strongly model dependent. Larger or
more capable models generally achieve higher
scores across relevance, correctness, coherence,
completeness, instruction adherence, and internal
consistency, whereas smaller models show lower
and less stable quality. This indicates that phrasing
patterns interact with model capacity rather than
producing uniform quality shifts.

Observation 2: Phrasing patterns affect quality
dimensions unevenly. Phrasing patterns show rela-
tively stable performance on relevance, coherence,
and internal consistency, but larger variation on cor-
rectness, completeness, and instruction adherence.
This indicates that stylistic changes can preserve
the apparent fluency and alignment of a response,
while improvements in task correctness and com-
pleteness remain less consistent.

Observation 3: Phrasing patterns reshape the
energy-quality frontier. Figure 6 shows that phras-

ing patterns can substantially alter each model’s
energy-quality profile. Red markers denote sub-
properties achieving both lower energy and higher
quality than Base. For LLaMA-3.2-1B, Qwen-2.5-
1.5B, and SmolLM2-360M, these lie on the Pareto
frontier, showing that prompt selection improves
both sides of the trade-off under fixed weights and
decoding settings. For Gemma-2-2B, the format
and conversational prompts both improve on Base
along both axes; the format prompt attains the high-
est quality and is the better operating point, though
the technical prompt reaches slightly lower energy.
Observation 4: Energy-quality trade-offs are
model-dependent. The energy-quality effect of a
phrasing pattern does not transfer uniformly across
models. A sub-property that improves the energy-
quality balance for one model may lead to a dif-
ferent trade-off profile for another. This model
dependence suggests that prompt phrasing style
selection should be model-aware, rather than as-
sumed to generalize uniformly across models.

Finding. Phrasing patterns can substantially
shift the energy-quality frontier, enabling lower
energy consumption and higher response qual-
ity, while efficiency gains are model-dependent.
This suggests that energy-efficient prompting
is not governed by a uniform optimal phrasing
style, but requires highly specific, model-aware
phrasing optimization strategies.
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Figure 6: Energy-quality trade-off and pareto frontier for phrasing pattern. Each point represents a phrasing pattern
sub-property evaluated under the same model weights and decoding configuration. Prompt sub-properties shift the energy-quality
operating point in a model-dependent manner, revealing that stylistic variation can change both energy cost and response quality.

5 Related Work

Prompt categorization and linguistic analysis.
Prior work has extensively studied prompt prop-
erties from linguistic and cognitive perspectives,
including phrasing patterns (Brown et al., 2020;
Reynolds and McDonell, 2021; Zhao et al., 2021),
syntactic and discourse structures (Schick and
Schiitze, 2021; Jiang et al., 2020; Min et al., 2022;
Liu et al., 2022), reasoning requirements (Wei et al.,
2022; Kojima et al., 2022; Wang et al., 2023), and
cognitive complexity (Fu et al., 2023). Surveys
and taxonomies further systematize these proper-
ties along functional and cognitive axes (Liu et al.,
2023; Vatsal and Dubey, 2024; Liu et al., 2026),
while recent frameworks model prompt structure
to support interpretability and prompt engineering
(Jeoung et al., 2026). However, this line of work
focuses on output quality and robustness, with little
attention to how prompt properties affect system-
level behavior such as on-device energy consump-
tion during inference.

Prompt datasets and benchmarks. Large
prompt and instruction datasets, such as Nat-
ural Instructions (Mishra et al., 2022), Super-
Naturallnstructions (Wang et al., 2022), and the
Flan Collection (Longpre et al., 2023), have been
widely used for instruction tuning and evalua-
tion. Tools like PromptSource further standardize
prompt templates across tasks (Bach et al., 2022).
While these resources enable broad coverage and

performance-driven evaluation, prompts often vary
simultaneously along multiple dimensions (e.g.,
semantics, length, and reasoning), making them un-
suitable for isolating the impact of specific prompt
properties on model or system behavior.
On-device LLLM systems and energy profiling.
Recent studies benchmark latency, memory, and
throughput of LLM inference on mobile and edge
devices (Li et al., 2024; Murthy et al., 2024) and
propose hardware-aware inference optimizations
(Yin et al., 2025; Xue et al., 2024). Energy profiling
efforts typically analyze model architectures, run-
times, or prompt-level workloads on server-class
hardware (Husom et al., 2024; Caravaca et al.,
2025). Consequently, existing work provides lim-
ited insight into how prompt properties themselves
influence on-device energy consumption under con-
trolled conditions.

In contrast, we study prompt properties through
direct measurements of on-device energy con-
sumption, linking linguistic prompt analysis with
system-level energy profiling. Our analysis is
measurement-based and characterizes system-level
energy behavior rather than isolating low-level exe-
cution mechanisms.

6 Conclusion

This paper studies how prompt properties shape the
energy behavior and response quality of on-device
LLM inference. Through a broad empirical study



covering models, devices, and prompt variants, we
show that prompt-level variants can substantially
affect mobile inference efficiency. In particular,
cognitively demanding prompts tend to increase
decode energy cost to process each token, while
surface-level phrasing patterns can change token
usage, phase-level energy burden, and response
quality without altering the underlying task. Our
analysis further shows that these effects are not
uniform: different prompts can shift cost between
prefill and decode phases, and the resulting energy-
quality trade-offs vary across models and metrics.

These findings suggest that prompt design is not
only a usability or quality concern, but also a prac-
tical optimization lever for energy-aware LLM de-
ployment. Rather than treating energy consump-
tion as a fixed property of a model, future systems
should account for how prompts shape generation
behavior and inference cost, especially in mobile
and resource-constrained settings. Future work will
extend this analysis to a broader prompt taxonomy
and more diverse hardware platforms.

Limitations

Limited prompt property coverage. Our study
primarily focuses on two prompt properties, cogni-
tive load and phrasing pattern. However, the design
space of prompts is vast, encompassing numerous
other semantic and structural properties (e.g., emo-
tional valence, stylistic constraints, or adversarial
framings) that remain unexplored in our energy
profiling. Future research incorporating a broader
taxonomy of prompt properties would provide a
more complete view of how diverse linguistic vari-
ables influence on-device energy consumption.
Limited control over prompt length. Extraneous
load is defined by redundant or irrelevant infor-
mation and intrinsic load by explicit step-by-step
guidance; a prompt cannot carry these without be-
coming longer. Consequently, prompt length is
not independently controlled, making it difficult to
completely decouple the effects of cognitive load
framing from length-related effects. Future work
should construct length-matched prompt variants
to better isolate these factors.

Evaluation methodology limitations. We use
Gemini-2.5-Pro as the primary evaluator for prompt
property scoring and response-quality assessment.
Although this helps maintain internal consistency,
relying on a single LLM-as-a-judge may intro-
duce model-specific biases in scoring. In addition,

embedding-based similarity and DeepEval metrics
provide automatic proxies for response quality, but
may not fully capture the nuanced utility perceived
by human users. To strengthen evaluation reliabil-
ity, we manually verify randomly sampled subsets
of both prompt variation and response quality eval-
uations. Automated judgments that do not pass
human review are replaced with human judgments.
Limited hardware coverage and profiling granu-
larity. Our energy measurements are conducted on
a limited set of mobile SoC architectures. Although
these devices are representative of on-device in-
ference settings, power profiles may differ across
NPUs, GPUs, CPUs, memory systems, and runtime
backends. In addition, our analysis focuses on end-
to-end and phase-level energy behavior, rather than
lower-level mechanisms such as KV-cache behav-
ior, hardware counters, or operator-level traces. Fu-
ture work should evaluate a wider range of mobile
hardware and incorporate finer-grained profiling to
explain hardware-specific energy variation.
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A Prompt Property Definitions

Sub-property Definition

Aggressive/Authoritative Tone Prompts characterized by commanding or forceful language, often lacking politeness
or courtesy.

Conversational Tone Prompts that mimic natural human dialogue, often informal and friendly in nature.

Chain-of-Thought (CoT) A prompting technique where the model is guided to generate intermediate reasoning
steps before arriving at a final answer.

Formatting Differences Variations in the structural presentation of prompts, such as the use of lists, bullet
points, or different punctuation.

Persona-Based Prompts that assign a specific role or identity to the model, such as “You are a
helpful assistant.”

Polite Tone Prompts that employ courteous language, including phrases like “please” and
“thank you.”

Technical/Jargon-Heavy Prompts that utilize domain-specific terminology or complex language.

Table 1: Definitions of phrasing pattern sub-properties, quoted from Sotic and Kamps (2025).

Sub-property Definition

Intrinsic Load Prompts in this property explicitly guide models to break complex tasks into
actionable steps aligned with LLM skills.

Extraneous Load Prompts in this property contain unnecessary complexity with intricate language,

redundant or irrelevant information, resulting in increased unnecessary load.

Germane Load Prompts in this property explicitly engage models with their prior knowledge or deep
working memory to integrate it with existing and new knowledge for problem-solving.

Table 2: Definitions of cognitive load sub-properties, quoted from Long et al. (2025).

B Cognitive Load Prompt Generation Template

- N
PROPERTY = Cognitive Load

DESCRIPTION = Cognitive Load Theory categorizes cognitive load into three types: Intrinsic Load,
Extraneous Load, and Germane Load. This property defines cognitive load as a prompt attribute with
three corresponding sub-properties.

TASK INSTRUCTION = You are tasked with generating prompt variations that incorporate cognitive load
information based on the given prompt.

SUB-PROPERTY DEFINITIONS:

>Intrinsic Load

Prompts explicitly guide the model to break complex tasks into actionable steps aligned with LLM
skills.

>Extraneous Load

Prompts contain unnecessary complexity with intricate language, redundant or irrelevant information,
resulting in increased unnecessary cognitive load.

>Germane Load

Prompts explicitly engage the model with its prior knowledge or deep working memory to integrate
existing and new knowledge for problem-solving.

INPUT PROMPT FORMAT:
<Begin of the prompt> {input_prompt} <End of the prompt>

GENERATION REQUIREMENTS:

>Generate exactly one prompt variation for each cognitive load sub-property: Intrinsic Load,
Extraneous Load, and Germane Load.

>Preserve semantic intent: Each variation must preserve the original semantic intent (the question
and required answer) while differing in the expression and organization of cognitive load information.
You may drop story details, background descriptions, or numbers that are not necessary to determine
the answer.

>Length consistency: The three generated variations should be roughly comparable in length; however,
cognitive-load constraints take priority over strict length matching. Do not artificially extend

the Germane prompt to match the Extraneous prompt length.
- J
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SUB-PROPERTY ISOLATION RULES:

1. Intrinsic Load variation:

- MUST include only step-breaking or task-structuring guidance.

- Use explicit step markers such as “Step 1 / Step 2 / Step 3” or “First / Next / Then / Finally”.
- Do NOT add narrative details beyond the minimum required for solving the task.

2. Extraneous Load variation:

- MUST include only unnecessary complexity, redundancy, or irrelevant information.

- MUST NOT introduce step-by-step solution structure or meta-cognitive guidance.

3. Germane Load variation:

- MUST activate prior knowledge and conceptual reasoning.

- MUST NOT include explicit procedural or step-by-step guidance.

CRITICAL CONSTRAINT CHECKLIST:

>For Extraneous Load Variation (Goal: High Extraneous, Low Intrinsic, Low Germane):

- Noise Injection: You MUST insert clearly irrelevant numerical data or distinct entities (e.g.,
unrelated times, prices, objects, names, weather).

- Distractors MUST NOT change the correct answer.

- Structure: Use complex and convoluted sentences to obscure key information.

- No Guidance: Do NOT use phrases such as “First”, “Next”, “Think step-by-step”, or “Use your
knowledge of”.

>For Germane Load Variation (Goal: Low Intrinsic, Low Extraneous, High Germane):

- ONE-SENTENCE / ONE-MAIN-VERB RULE: The prompt MUST be exactly one sentence with one main directive
verb.

- Explicit prior-knowledge cue is REQUIRED (e.g., “Use your knowledge of the simple part-whole
idea...”).

- Single simple concept ONLY: part-whole idea, part-part-whole idea, or difference idea.

- SEMANTIC SIMPLICITY: BANNED terms include “Function”, “Dependency”, “Integration”, “Framework”,
“Schema”, “Mental model”.

- NUMBERS AND ROLES: Mention only quantities required to compute the answer.

- Target structure (soft template): “Use your knowledge of the simple [concept] idea to find [goall
from the given numbers.”

OUTPUT FORMAT (STRICT):

<Begin of response>

{ “Base prompt”: “{input_prompt}”,
“Intrinsic load prompt”: “”,
“Extraneous load prompt”: “7,
“Germane load prompt”: “” }

<End of response>

Any deviation from the required format or violation of sub-property isolation is strictly prohibited.

No additional explanation or commentary is allowed outside the JSON object.
- J

C Prompt Variation Evaluator Template

r A
COG_FORMAT = “{‘Intrinsic load’: 1-10, ‘Extraneous load’: 1-10, ‘Germane load’: 1-10}”

COG_JUDGING_PROMPT = f""" You are a highly experienced judge tasked with evaluating a prompt on
criteria.

The prompt given to you is provided below: <begin of the prompt> {input_prompt} <end of the prompt>
Your task is to evaluate the above prompt on the following criteria on a scale of 1-10:

- Intrinsic load: This evaluates the prompts in explicitly guiding models to break complex tasks
into actionable steps aligned with LM skills.

- Extraneous load: The extent to which prompts exclude irrelevant materials to reduce unnecessary
load.

- Germane load: The degree to which prompts explicitly engage models with their prior knowledge
or deep working memory (e.g., “ask itself”) to integrate it with existing and new knowledge for
problem-solving.

The scoring system is provided below:

> Intrinsic load:

- 1-2 (Poor): The prompt provides little to no guidance on breaking down the task. It is overly
vague, abstract, or assumes the model can handle complexity without guidance.

- 3-4 (Below Average): The prompt provides minimal guidance but fails to clearly break the task
into actionable steps. The model is left to infer most of the process.

- 5-6 (Average): The prompt partially breaks down the task but lacks clarity or completeness in
defining actionable steps. Some guidance is present, but it is inconsistent or incomplete.

- 7-8 (Good): The prompt effectively breaks the task into clear, actionable steps. It aligns well

with the model’s skills but may lack some nuance or optimization.
- J
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- 9-10 (Excellent): The prompt perfectly breaks the task into logical, actionable steps. It is
highly aligned with the model’s capabilities and ensures clarity and efficiency in execution.
> Extraneous load:

- 1-2 (Poor): The prompt is perfectly concise and excludes all irrelevant materials. It is optimized
to reduce extraneous load to the bare minimum.

- 3-4 (Below Average): The prompt is concise and mostly free of irrelevant information. It minimizes
extraneous load effectively, with only minor distractions.

- 5-6 (Average): The prompt includes some unnecessary details but generally stays focused on the
task. The extraneous load is moderate but not overly detrimental.

- 7-8 (Good): The prompt contains some irrelevant information, but the core task is still somewhat
discernible. The extraneous load is noticeable and distracting.

- 9-10 (Excellent): The prompt includes excessive irrelevant information, making it difficult for
the model to focus on the core task. It is cluttered or overly verbose.

> Germane load:

- 1-2 (Poor): The prompt does not engage the model’s prior knowledge or working memory. It provides
no cues or instructions to leverage existing knowledge.

- 3-4 (Below Average): The prompt makes minimal attempts to engage prior knowledge but does so
ineffectively or inconsistently. The model is left to infer connections on its own.

- 5-6 (Average): The prompt partially engages the model’s prior knowledge but lacks depth or clarity
in integrating it with new information. The engagement is superficial.

- 7-8 (Good): The prompt effectively engages the model’s prior knowledge and encourages integration
with new information. It provides clear cues or instructions for leveraging existing knowledge.

- 9-10 (Excellent): The prompt perfectly engages the model’s prior knowledge and deep working memory.
It explicitly guides the model to integrate existing and new knowledge for optimal problem-solving.
Your evaluations must focus on explicit instructions rather than implicit instructions.

For example, if the prompt does not say “Reflect on your prior knowledge” then you should not
assume that the prompt is effective in encouraging germane load.
Begin your evaluation by providing a short explanation for each.
constructive as possible.

After providing your explanation, please rate the response on all the criteria on a scale of 1 to
10 by strictly following this format: <begin of explanation> ... <end of explanation> <begin of
ratings> {COG_FORMAT} <end of ratings> """

1\ J

Be as objective, thorough, and

D Experimental Setup Details

Category Item Configuration / Value Notes
Devices Pixel 8 Pro CPU: 1.32GHz / 1.57 GHz / 2.04 GHz Android on-device inference
GPU: 810 MHz
Pixel 7 CPU: 1.32GHz / 1.49GHz / 1.58 GHz Same OS configuration
GPU: 810 MHz
Hardware Control CPU / GPU Frequency Fixed (no DVES) Governors locked during infer-

€nce

Screen Brightness

Minimum brightness

Reduce display power noise

Llama-3.2-1B-Instruct
Qwen-2.5-0.5B-Instruct

1B params, q4f16_1, MLC
0.5B params, q0f16, MLC

Instruction-tuned
Lightweight model

Models Qwen-2.5-1.5B-Instruct 1.5B params, q4f16_1, MLC Medium-scale model
Gemma-2-2b-it 2B params, g4f16_0, MLC Google Gemma family
SmolLM2-360M-Instruct | 360M params, q4f16_1, MLC Small-scale model
Base Prompt Datasets SVAMP, BoolQ, AI2-ARC Used as semantic anchors

Prompt Setup Prompt Variations Property-controlled generation Cognitive load, phrasing pat-

terns
Prompt Count Three candidates per base prompt See Appendix B
Number of Runs Three runs per (device, model, prompt) Averaged for stability

Inference Settings Temperature T = 0.6 (fixed) Same across all experiments
Top-p p = 0.8 (fixed) Same across all experiments
Max Tokens Fixed across models Prevent output-length bias

Measurement Energy Profiling On-device power measurement See Section 3.3

Table 3: Experimental setup and controlled configurations for on-device prompt-energy evaluation. We conducted a carefully
controlled study covering 2 major prompt properties, 10 sub-properties, 4 datasets, 404 prompts, 5 LLMs, 2 mobile devices
(phrasing pattern prompts are profiled on both devices, cognitive load prompts are profiled on Pixel 8 Pro only), and 3 repeated
runs per configuration, resulting in 7,620 total inference runs. To isolate the effect of prompt properties, CPU and GPU
frequencies are fixed to disable DVFS, and all experiments use identical inference parameters across prompt variants.

E Phrasing Pattern Response Evaluation Metrics and Scoring Rubrics



Metric

Definition

Relevance
Correctness
Coherence
Completeness
Instruction Adherence

Internal Consistency

Whether the response directly addresses the user’s request and remains aligned with the
prompt’s intent and scope, without extraneous or tangential content.

Whether the response avoids factual errors or hallucinated claims unsupported by the
prompt or commonly accepted knowledge.

Whether the response is logically organized, structurally well formed, and semantically
continuous, without abrupt topic shifts, disorganization, or repetitive generation.
Whether the response covers all material components of the request, including key
sub-questions, required elements, or expected deliverables.

Whether the response follows explicit and implicit prompt constraints, including format,
scope, quantity, style, and target audience.

Whether the response is free of internal contradictions, self-negating statements, or
mutually inconsistent claims.

Table 4: Definitions of the six response-quality metrics used to evaluate linguistic and functional competence in open-ended

phrasing tasks.

Table 5: Scoring Rubric for Relevance and Correctness

Score Relevance Correctness

1.00 | Completely Relevant. Entirely focused on the user’s | No Errors. All assertions and claims are factually correct
prompt. Every sentence contributes to answering the spe- | and verifiable based on general knowledge.
cific question.

0.75 | Mostly Relevant. Core answer is relevant, but includes | Minor Inaccuracy. Core answer is correct, but contains
slight divergence, tangential examples, or minor unneces- | a trivial error (e.g., slightly off date) that does not mislead
sary elaboration. the user.

0.50 | Mixed Relevance. Addresses the prompt but drifts signif- | Mixed Accuracy. Contains a mix of correct and incorrect
icantly into unrelated topics for a large portion of the text. | statements. A significant claim is factually wrong.

0.25 | Mostly Irrelevant. Acknowledges the topic but fails to | Major Inaccuracy. Primary conclusion is factually incor-
address the specific question; high noise-to-signal ratio. rect, though some minor supporting details might be right.

0.00 | Completely Irrelevant. Unrelated to the prompt (e.g., | Complete Hallucination. Fundamentally wrong, fabri-
hallucinated question, gibberish). cated, or contradicts well-established facts entirely.

Table 6: Scoring Rubric for Coherence and Completeness
Score Coherence Completeness

1.00 | Perfectly Coherent. Flows logically with clear structure. | Fully Complete. Comprehensively addresses every as-
Transitions are smooth and natural. pect, including all sub-questions and implied require-

ments.

0.75 | Mostly Coherent. Logic is sound, but contains minor | Mostly Complete. Addresses main points but misses a
awkward transitions or slightly confusing structures. minor detail, example, or nuance.

0.50 | Somewhat Disjointed. Understandable but requires effort | Partial Completion. Answers one part well but ignores
to follow. Text may jump between ideas. another significant part (e.g., explains concept but omits

examples).

0.25 | Incoherent. Fragmented text. Sentences do not logically | Minimal Coverage. Touches on the topic but fails to
follow one another. Severe repetition occurs. provide the substance required for a functional answer.

0.00 | Unreadable. “Word salad,” gibberish, or completely un- | Incomplete. Fails to answer the core request entirely.

structured text.




Table 7: Scoring Rubric for Instruction Adherence and Internal Consistency

Score Instruction Adherence Internal Consistency

1.00 | Strict Adherence. Follows every constraint, including | Consistent. Perfectly consistent. No logical contradic-
negative constraints (“do not...”) and stylistic require- | tions exist within the text.
ments.

0.75 | Minor Deviation. Follows main instructions but misses a | Mostly Consistent. Consistent, but may contain slight
minor formatting constraint or tone is slightly off. ambiguity interpretable as a contradiction.

0.50 | Partial Adherence. Ignores a major constraint (e.g., | Contradictory. Contains a clear contradiction on a minor
wrong format) but adheres to others. point without context.

0.25 | Major Deviation. Ignores most specific constraints, ad- | Heavily Contradictory. Contradicts its own main thesis
hering only to the general topic. or conclusion.

0.00 | Non-Adherence. Completely ignores specific instructions | Illogical. Riddled with self-negating statements; impossi-

(e.g., wrong language, wrong format).

ble to determine the stance.

F Detailed Full Experimental Measurements

Note on per-token conventions. Token counts and energy values in the following tables are arithmetic
means across questions within each condition. In contrast, the per-token energy reported in Fig. 3 is
first computed separately for each question and then averaged across questions, giving equal weight to
every question. As a result, the two approaches use different weighting schemes: taking the ratio of the
aggregate means in the table implicitly gives greater weight to questions with more tokens. For example,
for Qwen-2.5-1.5B on BoolQ (Extraneous, decode), the equal-weight convention used in Fig. 3 yields a
relative per-token energy of 1.29 x, while computing the ratio from the aggregate means in Table 11 gives
(93.43/166) + (25.56/56) = 1.23x. Both values are derived from the same underlying measurements
and differ only in how questions are weighted. All per-token quantities reported in the text and Fig. 3
follow the equal-weight, per-question convention.
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Table 10: Cognitive load summary on AI2-ARC across five LLMs on Pixel 8 Pro. Within each model block, the energy columns
are shaded green (darker = lower / better) and the accuracy column is shaded blue (darker = higher / better).

Model Load Prompt Tokens Completion Tokens ~Prefill Power (W) Decode Power (W) Prefill Latency (s) Decode Latency (s) Total Latency (s) Prefill Energy (J) Decode Energy (J) Accuracy
Base 6 174 395 637 663 1666 2328 SR I06 04 084
Gommazop  Intinsic 129 258 449 6.19 8.90 26.58 3549 4005 16425 084
emma- 2 Extraneous 167 254 4.70 6.18 1041 26.48 36.89 48.98 163.37 0.64
Germane 70 218 401 6.33 6.81 2118 28.00
Base e 197 3.59 6.04 4706 1195 59.00 GO 7267
Intrinsic 143 305 3.69 6.09 81.33 19.13 100.46 300,84 117.01 047
LLaMA32-1B - B ioneous 179 240 371 592 100.11 15.09 11521 372.55 0.56
Germane 86 265 361 6.12 5044 1624 66.67 99.56
Base 7 190 334 520 1826 12.03 3029 0.48
Qwen2s05p  nuinsic 138 207 340 527 3138 13.60 4498 106.70 0.44
5058 Extrancous 179 258 341 533 39.15 1730 56.44 133.53 9293 048
Germane 80 238 335 534 1971 15.44 35.05 [ 6610, 8444 052
Base 73 125 3.59 5.65 58.55 1223 70.79
Owen2s15p  Intinsic 138 253 367 5.69 107.14 27.03 134.18 393.95 15501 072
158 Exuraneous 179 m 373 5.65 131.42 30.65 162.07 49130 173.18
Germane 80 191 361 594 64.02 18.90 82.92 0.76
Base 85 72 349 401 1189 460 1649
Intrinsic 150 160 346 463 21.09 1031 31.40 73.13 1985 017
SmollM2-360M & -2reous 190 122 347 446 26.94 7.89 34.83 93.58 37.92
Germane 02 115 3.49 445 1285 7.40 2025 0.20

Table 11: Cognitive load summary on BoolQ across five LLMs on Pixel 8 Pro. Within each model block, the energy columns
are shaded green (darker = lower / better) and the accuracy column is shaded blue (darker = higher / better).

Model Load Prompt Tokens Completion Tokens ~Prefill Power (W) Decode Power (W) Prefill Latency (s) Decode Latency (s) Total Latency (s) Prefill Energy (J) Decode Energy (1) Accuracy
Base 51 119 415 6.15 623 11.56 17.79
Gemmanap  Intinsic 100 137 457 6.11 7.97 13.86 21.83 3645
emma- 2 Extraneous 132 236 4.86 621 9.14 2491 34.05 44.54 154.16 057
Germane 48 215 406 637 6.10 2149 27.59 [N2480] 13630 0.69
Base 65 116 368 5.94 4047 7.10 4757 _
Intrinsic 13 145 378 6.14 67.84 9.10 76.93 256.49
LLaMA-32-1B gy iraneous 141 236 381 6.17 82.20 15.12 97.31 312.80 9492 032
Germane 63 220 3.60 636 3975 1377 53.52 NI4T 88.42 037
Base 61 66 3.54 454 15.94 3.98 19.92
Quenzs0sp  Intinsic 108 78 352 419 2556 492 3048 89.92
wen-2.>-0- Extrancous 142 189 356 535 33.02 1242 45.44 117.64 68.56 0.4
Germane 58 190 3.56 516 14.93 12.10 27.03 [N5296] 67.07 044
Base 61 56 359 490 4175 484 52.59
OQuenzs15p  Intrinsic 108 101 3.64 511 8140 9.38 90.78 296.11 0.67
1B Eyiraneous 142 166 3.67 546 106.24 16.81 123.06 389.55 9343 0.65
Germane 58 192 3.63 560 4598 18.08 64.06 [INI66:74] 105.24 [ 079
Base 7 45 365 4l 9.60 259 12.19 q
Intrinsic 122 104 3.62 452 15.88 6.36 223 5737 3075
SmollM2-360M & i--reous 155 122 3.58 468 2022 734 27.56 72.48 3620 036
Germane 69 o1 361 467 9.00 528 1428 UE2S2 2642 040

Table 12: Cognitive load summary on SVAMP across five LLMs on Pixel 8 Pro. Within each model block, the energy columns
are shaded green (darker = lower / better) and the accuracy column is shaded blue (darker = higher / better).

Model Load Prompt Tokens Completion Tokens Prefill Power (W) Decode Power (W) Prefill Latency (s) Decode Latency (s) Total Latency s) Prefill Energy (J) Decode Energy (T) Accuracy
Base 45 88 420 640 621 831 14.52 0.68

Gemmanop  Intrinsic 7 9% 447 644 7.5 8.61 16,16
Extraneous 128 140 477 645 9.69 1419 2388
Germane 46 122 417 651 6.28 11.80 18.08
Base 61 100 377 551 372 6.10 4383
Intrinsic 92 97 378 5.59 56.37 594 6231

LLaMA32-1B - Byioneons 140 199 385 581 82.94 1276 95.70 )
Germane 60 133 376 581 38.37 8.17 4654 [0 14413 4878 056
Base 56 118 371 5.1 14.48 7.01 2149

Owenz.s.05p  ntinsic 88 115 364 541 21,57 678 2835

5058 Eytraneous 139 318 366 576 3198 2094 5292

Germane 56 173 374 568 13.91 1032 2423 [ SI9N
Base 56 141 342 520 440 13.89 5791

Owenz.s.psp  Inwinsic 88 12 3.49 EXT) 6432 1137 75.69

5158 Eytraneous 139 264 355 490 99,14 2975 128.89

Germane 56 182 3.40 523 4298 18.34 6133 (146290 9325 064
Base 67 154 369 489 9.15 9.07 1822
Intrinsic 99 110 367 485 13.18 652 19.70

SmolLM2-360M i aneous 150 179 3.63 488 2025 10,55 30.80
Germane 67 120 3.69 4.79 8.83 7.11 15.94




G Additional Figures for RQ1

Overview. This appendix provides additional per- Each figure reports prefill and decode per-token
token energy results supporting the analysis in energy. The top row shows absolute values, while
Section 4.1. These figures complement Figure 3 the bottom row normalizes each sub-property by
by covering additional datasets and device. the corresponding Base prompt.
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Figure 7: Additional per-token energy results for cognitive load on AI2-ARC on Pixel 8 Pro. The figure reports prefill and
decode per-token energy across intrinsic, extraneous, and germane load variants.
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Figure 8: Additional per-token energy results for cognitive load on SVAMP on Pixel 8 Pro. The figure reports prefill and decode
per-token energy across intrinsic, extraneous, and germane load variants.
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Figure 9: Additional per-token energy results for phrasing pattern on Pixel 7. The figure reports prefill and decode per-token
energy across phrasing-pattern sub-properties.



H Additional Figures for RQ2

Overview. This appendix provides additional
token-usage and fixed-baseline burden results sup-
porting the analysis in Section 4.2. These fig-
ures complement Figure 4 by covering additional
datasets and prompt-property settings. The top
row reports total token ratio relative to Base.

The bottom row reports fixed-baseline prefill and
decode burden relative to Base. Bottom-row val-
ues are normalized by Base prompt/completion
token counts, respectively, after subtracting the
corresponding Base burden.
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Figure 10: Additional token usage results for cognitive load on AI2-ARC on Pixel 8 Pro. The top row reports total token ratio
relative to Base across cognitive load variants. The bottom row reports fixed-baseline prefill and decode burden relative to Base.
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Figure 11: Additional token usage results for cognitive load on BoolQ on Pixel 8 Pro. The top row reports total token ratio
relative to Base across cognitive load variants. The bottom row reports fixed-baseline prefill and decode burden relative to Base.
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Figure 12: Additional token usage results for cognitive load on SVAMP. The top row reports total token ratio relative to Base
across cognitive load variants. The bottom row reports fixed-baseline prefill and decode burden relative to Base.
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Figure 13: Additional token usage results for phrasing pattern on Pixel 7. The top row reports total token ratio relative to Base
across phrasing-pattern sub-properties. The bottom row reports fixed-baseline prefill and decode burden relative to Base.

I Additional Figures for RQ3

Overview. This appendix provides additional These figures complement the main-text analysis
response-quality and energy-quality trade-off re- by covering cognitive-load accuracy results and
sults supporting the analysis in Section 4.3. additional trade-off settings.
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Figure 14: Additional RQ3 results for cognitive load response accuracy. Each heatmap reports accuracy across cognitive load
sub-properties, datasets, and models. These results complement the response quality analysis in the main text by showing how
intrinsic, extraneous, and germane load affect task correctness under objective ground-truth evaluation.
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Figure 15: Additional RQ3 energy-accuracy trade-off results for cognitive load on AI2-ARC. Each point represents a cognitive
load sub-property under fixed model weights and decoding settings. The x-axis reports average total energy consumption, and

the y-axis reports accuracy.
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Figure 16: Additional RQ3 energy-accuracy trade-off results for cognitive load on BoolQ. Each point represents a cognitive
load sub-property under fixed model weights and decoding settings. The x-axis reports average total energy consumption, and

the y-axis reports accuracy.
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Figure 17: Additional RQ3 energy-accuracy trade-off results for cognitive load on SVAMP. Each point represents a cognitive
load sub-property under fixed model weights and decoding settings. The x-axis reports average total energy consumption, and
the y-axis reports accuracy.
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Figure 18: Additional RQ3 energy-quality trade-off results for phrasing on Pixel 7. Each point represents a phrasing pattern
sub-property under fixed model weights and decoding settings. The x-axis reports average total energy consumption, and the
y-axis reports the averaged response quality score across the six reference-free evaluation dimensions.



J License

Datasets. The datasets used in this study
are governed by their respective licenses and
data-use terms. SVAMP is released under the
MIT License; BoolQ under Creative Commons
Attribution-ShareAlike 3.0 Unported (CC BY-
SA 3.0); AI2-ARC under Creative Commons
Attribution-ShareAlike 4.0 International (CC BY-
SA 4.0); and CLEF 2025 data under the applicable
Data Use Agreements.

Software, models, and hardware. DeepEval is
used under the Apache-2.0, and MLC-LLM under
the Apache-2.0. The open-source models Llama-
3.2, Qwen-2.5, Gemma-2, and SmolLM2 are
used under their respective community licenses.
Gemini-2.5-Pro is accessed via the Google Al ap-
plicable terms. Hardware profiling on Pixel 7
and Pixel 8 Pro follows standard consumer and
developer terms.
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