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Abstract

Large language models (LLMs) are increasingly integrated into

data management systems, yet their energy consumption remain

largely unexplored. In this paper, we present EcoLLM, a workload-

centric benchmark for studying energy-aware trade-offs of LLMs

in data-processing tasks. EcoLLM models workload families, op-

erator complexity, and data scale as well as supports both local

and API-based models, and employs a hybrid energy measurement

methodology. Our evaluation reveals several non-obvious findings.

First, energy efficiency and task effectiveness are not aligned: highly

efficient models can fail completely on pipeline generation tasks,

while more energy-intensive models achieve correct results. Sec-

ond, we observe a consistent trade-off between latency and energy,

where lower latency is often achieved at disproportionately higher

energy cost, leading to distinct execution regimes across deploy-

ment modes. Finally, per-task energy consumption appears small

yet it scales to substantial cost at production workloads, making

energy a critical factor in system design. These findings highlight

the need for energy-aware and workload-aware model selection in

LLM-based data systems.
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1 Introduction

Why Energy-Aware Benchmarking Matters? Energy consump-

tion has become a first-class concern in data-intensive comput-

ing. Data centers already account for a significant share of global

electricity demand [10, 19], and recent reports show that AI work-

loads are accelerating this trend [26–28, 41, 64, 67]. Even small

per-request energy costs (e.g., 0.001 kWh) scale to megawatt-hours
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at production workloads, making energy a critical factor in large-

scale ML-based data systems. As a result, energy use and its CO2

emissions directly impact system design [9, 57, 59]. Despite this

shift, database research has traditionally focused on optimizing

performance metrics such as latency and throughput [20, 30], and

more recently accuracy and monetary cost in ML-driven systems.

Energy consumption, however, remains largely unaccounted for. This
creates a critical gap: system design decisions increasingly involve

energy trade-offs, yet this dimension is rarely understood.

Energy Remains Largely Unexplored in Data Systems. Re-

cent work integrates Large Language Models (LLMs) directly into

data-processing pipelines as semantic operators, enabling tasks

such as filtering, extraction, and reasoning over structured and

unstructured data. Systems such as Palimpzest [34], Lotus [45], Do-

cETL [56], ThalamusDB [31], and CAESURA [63] exemplify this

paradigm. In this setting, LLMs become part of the physical exe-

cution layer of query plans, introducing new optimization choices

such as model selection, prompting strategies, and deployment

modes (local vs. API-based). These choices are typically evaluated

in terms of accuracy, latency, and monetary cost, yet their energy
implications remain largely unexplored, despite potentially large

variation across models and workloads.

Energy Consumption Not Reported in Benchmarks. Bench-

marking is central to evaluating systems and guiding design deci-

sions, but existing approaches fall short in reporting energy. Tra-

ditional database benchmarks focus on performance [2, 7, 13, 40,

47, 69], while LLM benchmarks emphasize task accuracy on NLP

workloads [11, 12, 14, 22, 33]. Energy consumption is largely absent
from both. Thus, current benchmarks provide limited insight into

how LLMs behave when embedded in data-processing pipelines,

particularly as workload complexity and data scale increase.

Research Question. This gap motivates the research question:

How do accuracy and latency compare to energy consumption when
LLMs are used in database workloads, and whether smaller or cheaper
models achieve similar accuracy with significantly lower energy use?
Our Approach:We introduce EcoLLM, a workload-centric bench-

mark for analyzing energy–accuracy–performance trade-offs of

LLMs in data-management scenarios. Unlike prior benchmarks,

EcoLLM models structured pipelines where LLMs act as operators

and exposes three key dimensions: (i) workload families (Family
1– Family 4), capturing different classes of data-processing tasks

such as reasoning, anomaly detection, analytics, and code genera-

tion, (ii) a complexity ladder (C1–C4), capturing increasing operator
composition, and (iii) table size, capturing input data scale. The

benchmark defines database tasks with deterministic scoring and

adopts a hybrid energy measurement methodology, combining lo-

cal resource-based estimation with provider-side attribution (e.g.,

EcoLogits [50]). While focusing on energy consumption and carbon

https://doi.org/10.1145/3814940.3815324
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footprint, EcoLLM jointly reports accuracy and latency to charac-

terize trade-offs.

Contributions. EcoLLM
1
is an energy-aware benchmark for LLMs

in data-management workloads that captures energy emissions

alongside accuracy and latency. The benchmark models LLMs as

logical operators within structured pipelines such that LLMs are

used either for execution or for pipeline construction enabling sys-

tematic analysis across data scale and workload complexity. To

report energy consumption, we propose a hybrid energy measure-

ment methodology that combines local resource-based estimation

with provider-side attribution for API-based inference.

Using EcoLLM, we empirically analyze how energy consump-

tion varies across models, workloads, and deployment modes. Our

results reveal several non-obvious findings. First, lower latency

often comes at the cost of higher energy. Second, higher energy

does not guarantee better results (e.g., in terms of accuracy). Third,

model choice is critical: only some models benefit from increased

computation, while others fail regardless of complexity. Finally,

deployment mode plays a central role. Offline models trade speed

for lower energy and can improve with more complex tasks when

capable, whereas API-based models remain fast and consistent but

incur significantly higher energy cost. These findings show that

selecting the right model depends on the desired balance between

speed, energy, and correctness.

Structure of paper. In the following, we first present an overview

on the benchmark in Section 2, followed by the benchmark eval-

uation in Section 3, related work in Section 4 and conclusion in

Section 5.

2 EcoLLM Benchmark Overview

EcoLLM is an energy- and workload-centric benchmark designed

to study how LLMs behave when used as semantic operators within
query execution pipelines, analogous to physical operators in data

management systems. Its goal is to enable systematic analysis of

trade-offs between task quality, latency, monetary cost, energy con-

sumption and CO2 emission under controlled variations in work-

load complexity and data scale.

In contrast to existing LLMs benchmarks that primarily focus

on natural-language reasoning, EcoLLM models data-processing

workloads where LLMs operate over tabular representations that

combine structured attributes with textual (unstructured) fields,

and produce structured outputs. This reflects how LLMs are increas-

ingly integrated into data systems as execution-time components

rather than standalone interfaces. Consequently, EcoLLM targets

the following systems-level question: how do model choice, workload
structure, and data scale jointly influence energy consumption and
system efficiency?
Design Goals and Novelty. The design of EcoLLM is guided

by four principles: (i) workload realism, where tasks reflect data-

management operations; (ii) structured complexity modeling, where
difficulty is tied to operator semantics; (iii) energy-aware evaluation,
where energy and CO2 are treated as first-class metrics; and (iv)

reproducibility, achieved through deterministic scoring and strict

output contracts.

1
https://github.com/pratyushagnihotri/EcoLLM

Task Generator

▪ Benchmark tasks
▪ Datasets
▪ Complexity
▪ Table size

YAML

Runner/Executor

▪ Prompt construction
▪ Model inference

LLMs Pool

▪ Local
▪ API

Scoring Engine

▪ Output validation
▪ Metrics calculation

Analysis and 
Visualization

▪ Plots and comparison
▪ Energy analysis

Result Aggregator

▪ Result aggregation
▪ Leaderboard and reports

Figure 1: Overview of the EcoLLM benchmark architecture.

The system comprises task generation, model execution, de-

terministic scoring, and aggregation, enabling reproducible

evaluation across models, workload families, complexity lev-

els, and data scales, with energy and CO2 emissions treated

as first-class metrics.

Existing LLMs benchmarks [22, 33] abstract away data-management

characteristics such as operator composition and table structure.

Similarly, prior work on learned components in data systems fo-

cuses primarily on performance cost such as latency or through-

put [3, 37], without explicitly modeling energy. EcoLLM bridges

this gap by combining workload-aware task design with energy-

aware evaluation.

In this paper, we focus on energy consumption as the primary

dimension of analysis, while using accuracy and latency to interpret

trade-offs.

2.1 EcoLLM Architecture

EcoLLM follows a modular pipeline consisting of task generation,
model execution, deterministic scoring, and result aggregation as

shown in Figure 1. The architecture can be interpreted as a data-

processing pipeline where each task corresponds to a logical opera-

tor specification, and the LLM participates either in execution or in

pipeline construction, depending on the workload family.

For workload families focused on data transformation (Families

1–3), the LLM acts as a physical operator implementation, directly

processing tabular inputs and producing structured outputs. In

this setting, the LLM behaves similarly to a user-defined function

(UDF) embedded within a query plan, executing semantic opera-

tions such as filtering, classification, or join-like reasoning over

textual attributes.

In contrast, for pipeline/code generation tasks (Family 4), the

LLM operates at a higher level of abstraction. Instead of execut-

ing a data transformation, it functions as a pipeline synthesizer,

generating an executable program (e.g., a SQL query) that defines

a sequence of physical operators. The generated program is then

validated and, if required, executed by the evaluation framework.

Thus, the LLM contributes to the construction of the execution plan

rather than its direct execution.

This distinction highlights a dual role of LLMs in EcoLLM: they

act both as execution-time operators and as planning-time compo-

nents. This mirrors classical database system architectures, where

https://github.com/pratyushagnihotri/EcoLLM
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query planning and execution are separated, and emphasizes that

LLMs blur this boundary by supporting both phases within a unified

framework.

Running Example. To illustrate the workflow, consider a task

from Family 4 (pipeline/code generation), where the goal is to

generate a SQL query computing the top-𝑘 states by average energy

consumption. The task generator produces a structured input table

and a task specification. The runner converts this into a prompt, and

the LLM generates a SQL query representing a composed operator

pipeline (e.g., aggregation, sorting, and limit). Unlike Families 1–3,

where the LLM directly produces the final result, here it produces

a program that encodes the computation.

The remaining components of the architecture operate uniformly

across all workload families. The task generator defines structured

inputs and expected outputs, the runner ensures consistent prompt

construction, the scoring engine validates outputs against strict

schemas (including execution-based validation for generated pro-

grams), and the result aggregator collects metrics across models,

workloads, and scaling dimensions. This unified pipeline enables

controlled comparison while supporting both execution-oriented

and generation-oriented uses of LLMs. In the following let us look

into the subset of the dataset for family 4 and the role of each

component of EcoLLM.

State Year Report_Text Consumption
TX 2020 "Demand surged due to..." 1200
CA 2020 "Industrial growth usage..." 950
NY 2020 "Stable demand with..." 870
TX 2019 "High summer demand..." 1100
CA 2019 "Moderate increase in..." 920
NY 2019 "Slight decrease..." 860

The task is: “Generate a SQL query to compute the top 2 states by
average consumption across all years.”

Task Generator. The generator produces structured tasks in YAML

format, parameterized by dataset, workload family, complexity level,

and table size. Each task includes: (i) tabular input, (ii) task specifi-

cation, and (iii) expected output schema. This design ensures con-

sistency across models and enables controlled scaling. In contrast

to simple query-answering tasks, Family 4 tasks require synthesiz-
ing executable programs, making them representative of pipeline

construction in data systems.

Runner/Executor and Prompt Construction. The runner trans-

forms each task into a structured prompt and executes it on selected

models. Unlike generic NLP prompts, EcoLLM uses a template that

explicitly encodes data and computation, e.g.;

You are given the following table:

State Year Report_Text Consumption
TX 2020 "Demand surged due to..." 1200
CA 2020 "Industrial growth usage..." 950
NY 2020 "Stable demand with..." 870
TX 2019 "High summer demand..." 1100
CA 2019 "Moderate increase in..." 920
NY 2019 "Slight decrease..." 860

Task: Generate a SQL query to compute the top 2 states

by average consumption across all years.

Output format:
{"query": "<SQL query>"}

Each prompt consists of (i) input data, (ii) task specification, and

(iii) a strict output contract. This design is critical: without explicit

schemas, generated code becomes ambiguous and difficult to vali-

date. By enforcing structured outputs, EcoLLM ensures that LLMs

behave as predictable operators rather than free-form generators.

Model Execution. The selected LLM processes the prompt and

produces a structured output, e.g.:

{"query": "SELECT state, AVG(consumption) AS avg_cons
FROM energy
GROUP BY state
ORDER BY avg_cons DESC
LIMIT 2;"}

This output represents a composed operator pipeline (aggrega-

tion + sorting + limit), reflecting how LLMs can synthesize multi-

step execution logic.

Scoring Engine. Outputs are validated against strict JSON con-

tracts and evaluated for correctness. For code-generation tasks,

scoring involves syntactic validation and semantic checks, e.g., ex-

ecuting the query and comparing results with ground truth. This

ensures deterministic and reproducible evaluation.

Result Aggregation and Analysis. Results are aggregated across

models, workloads, and scaling dimensions, producing trade-off

analyses over latency and energy. This modular design decouples

workload definition, model execution, and evaluation, enabling

reproducible and extensible benchmarking. More importantly, it

allows EcoLLM to treat LLMs within a unified operator-centric

abstraction: as execution-time operators for data transformation

tasks and as pipeline generators for program synthesis tasks. This

makes LLM-based processing comparable to classical query execu-

tion while extending it with semantic reasoning capabilities unique

to LLMs. The corresponding workload families that capture these

roles, along with the model selection strategy, are described in the

following sections.

2.2 Workload Families and Complexity Design

In this section, we present the workload families and the corre-

sponding complexity design.

2.2.1 Workload Families. A key design decision in EcoLLM is to

define task difficulty in terms of data-management semantics rather
than linguistic complexity. Unlike NLP benchmarks [35, 58, 62, 65]

that vary prompt length or reasoning steps, EcoLLM ties difficulty

to operator structure, similar to how query plans are defined in data-

base systems. EcoLLM defines four workload families representing

core operator patterns.

Family 1: Tabular reasoning (relational queries over un-

structured data like text). This setting is particularly relevant as

unstructured data is becoming a central focus in database research,

and LLMs are well-suited for interpreting and reasoning over such

textual information. This workload includes filtering, aggregation,
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and ranking operations. Unlike classical SQL, filtering depend on

interpreting textual attributes which can be performed by an LLM.

Example: find states with highest consumption where reports in-

dicate increased demand. Here, the filtering condition depends on

interpreting text rather than only numeric values.

Family 2: Data-quality reasoning (anomaly detection / val-

idation). This setting reflects common data-quality and validation

tasks in data pipelines, where identifying anomalies or inconsisten-

cies is essential, and LLMs can capture patterns that are difficult to

express using fixed rules. This includes detection and classification

of anomalies or inconsistencies in structured data, commonly used

in ETL and monitoring pipelines. Unlike Family 1, the output is

a categorical label (e.g., anomaly type, valid/invalid, spike/drift)

rather than a deterministic value. This family models prediction
tasks, where the system assigns a label to each input instance based

on learned patterns, and correctness is evaluated against ground-

truth labels rather than exact numeric outputs. Here the logical
operator for LLM is feature extraction or classification (ML/UDF

operator). For example the task can be: classify_anomaly each

state-year pair into anomaly_type ∈ {normal, spike, drift} based on

historical patterns. Here, classify_anomaly represents a learned

operator (e.g., ML model or LLM) that assigns labels based on de-

rived features.

Family 3: Multi-step analytics (join-based queries). This

setting captures increasingly complex analytical workloads that

combine multiple data sources, where semantic alignment across

structured and unstructured attributes is required, a task where

LLMs can provide additional flexibility. This includes analytical

tasks that combine information across multiple relations or con-

ditions, often requiring semantic alignment based on textual de-

scriptions. For example, the task can be to compare consumption

with external event reports linked via text. Here, the join condition

involves semantic filtering over text rather than purely relational

keys.

Family 4: Pipeline code generation (query/program syn-

thesis). This setting reflects emerging data-system scenarios where

LLMs are used to automate query and pipeline generation, enabling

users to express complex analytical tasks without manually speci-

fying execution logic. This includes generation of executable SQL

or data-processing pipelines that combine multiple operators. Such

queries are typically generated by LLMs in data-assistant or pipeline

automation systems.

2.2.2 Complexity Design. The workload families capture operator
type, but not execution difficulty. For example, a simple aggregation

and a multi-step join both belong to tabular reasoning but differ sig-

nificantly in execution complexity. Therefore, EcoLLM introduces a

four-level complexity (C1–C4), capturing increasing operator depth

and composition. This distinction is necessary because prompt

length does not reflect computational effort: two tasks with similar

input size may require fundamentally different execution patterns

(e.g., aggregation vs. join). By grounding complexity in operator

semantics, EcoLLM isolates the true drivers of computation and

energy consumption.

Running Example for Complexity Levels. We illustrate the com-

plexity level using a single tabular reasoning task over the SEDS

dataset, showing how operator structure evolves. Here, we describe

the main task, what is executed by LLM and execution complexity.

C1: Single-step operation. The task requires a simple aggre-

gation. The model is asked to compute a single aggregate value

from the table, conditioned on a simple textual filter. The task re-

quires minimal reasoning, involving straightforward filtering and

aggregation, resulting in a short and deterministic output.

C2: Multi-operator query. The task combines aggregation

and ranking. The model groups data, compute aggregates, and

rank results under a textual condition. The task involves multiple

reasoning steps, including filtering, grouping, aggregation, and

sorting, producing a structured multi-row output.

C3: Conditional reasoning across subsets. The task compares

values across time. The model must compare values against a de-

rived statistic computed over a semantically filtered subset. The

task requires intermediate reasoning, where the model first derives

a reference value and then applies it to filter results, increasing

reasoning depth and dependency between steps.

C4: Composed analytical pipeline. The task requires stateful,

multi-step computation. The model is required to construct a full

analytical pipeline combining filtering, aggregation, and ranking

under semantic conditions. The task involves composing multiple

operators into a coherent pipeline, requiring sustained reasoning

and producing longer, structured outputs.

Across all levels, the system processes tasks using the same

pipeline: the task generator constructs structured inputs, the run-

ner converts them into prompts, the LLM executes the task, and

the scoring engine validates structured outputs. The complexity

level therefore isolates how operator composition within the same
execution flow affects energy consumption and system behavior.

Conceptually, workload families capture what type of computa-
tion is performed, while complexity levels capture how that compu-
tation is structured. This distinction enables isolating whether ob-

served system behavior is driven by task type or by execution com-

plexity. Alternative approaches based on prompt length or token

count conflate representation size with computation. By grounding

complexity in operator semantics (e.g., joins, aggregations, window

operations), EcoLLM enables analysis aligned with real query-plan

structure in data systems. In the next section, we describe the model

selection strategy for EcoLLM.

2.3 Model Selection Strategy

The model set reflects realistic deployment choices in data systems.

Instead of evaluating a single model or family, EcoLLM includes

both local and API-based models to capture two execution regimes:

local inference, where energy is tied to hardware utilization, and

remote inference, where energy must be attributed indirectly.

Models are selected to cover (i) diverse architectures (e.g., Qwen,

Llama, Mistral, Gemma), (ii) varying parameter sizes, and (iii) spe-

cialized capabilities (e.g., code generation). This enables analysis of

how model characteristics influence energy consumption and whether
smaller models can achieve comparable effectiveness at lower cost.
In the following we present how these models are evaluated over

the workload families and what are the trade-offs in efficiency and

energy.
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Category Details

Models Offline: Qwen2.5-3B, Qwen2.5-7B, Mistral-7B,

Llama3, Mistral, Gemma, DeepSeek-Coder, CodeL-

lama, Llama2, Qwen

Online: GPT-4.1, GPT-4.1-mini, o3-mini

Workloads F1: tabular reasoning; F2: anomaly reasoning; F3:

multi-step analytics; F4: code generation

Complexity C1: single-step; C2: top-k/aggregation; C3: join-

s/deltas; C4: window/ranking

Scaling Table size: 20–1000 rows

Dataset SEDS (U.S. energy statistics)

Hardware CloudLab m510, Ubuntu 22.04, Intel Xeon D, 48GB

RAM, 256GB disk, 2.0 GHz

Metrics Quality: pass rate;

Performance: avg latency;

Efficiency: energy (kWh)

Energy Method Offline: runtime + CPU utilization;

Online: provider-side attribution

Table 1: Experimental setup of EcoLLM.

3 Benchmark Evaluation

In this section, we present a benchmark evaluation of EcoLLM

to analyze how energy consumption varies across different LLMs,

workload structures, and data scales. Rather than focusing only on

accuracy or latency, our goal is to expose the energy-aware trade-offs
that arise when LLMs are used as operators in data-management

pipelines. We first describe the experimental setup and evaluation

questions, and then report results on the effects of task effectiveness

and execution latency.

3.1 Experimental Setup and Questions

We evaluate EcoLLM to understand how energy consumption be-

haves across different models, workloads, and data scales in LLM-

based data-management tasks. Our setup is designed to reflect

realistic deployment scenarios while enabling controlled analysis

of key system factors, including model size, operator complexity,

and input data scale. Table 1 summarizes the experimental setup.

Models. We include both locally deployed (offline) and API-based

(online) LLMs spanning multiple families (Qwen, Llama, Mistral,

Gemma), parameter scales (3B–7B+), and specialized variants for

code generation. This diversity enables analysis of howmodel archi-

tecture and size influence energy consumption and system behavior.

Workloads and Scaling. We generate benchmark tasks across four

workload families (Family 1– Family 4) and four complexity levels

(C1–C4), capturing common database operations such as filtering,

aggregation, joins, anomaly reasoning, and code generation. Input

table sizes vary from 20 to 1000 rows to study how energy scales

with data size under fixed task semantics. By varying table size

while keeping task semantics fixed, we isolate whether energy

scales primarily with input size or is instead dominated by model

and workload complexity.

Dataset Selection. We use the SEDS dataset
2
, which provides

structured, multi-dimensional energy data supporting aggregation,

2
https://www.eia.gov/state/seds/CDF/Complete_SEDS.csv

ranking, temporal analysis, and anomaly detection. The dataset

choice is critical: while synthetic or TPC-style benchmarks offer

controlled environments, they do not capture the semantic reason-

ing required in LLM-based workflows. SEDS enables multiple work-

load families within a single dataset, allowing consistent evaluation

across task types while preserving realistic structure. Although

EcoLLM is dataset-agnostic, we focus on SEDS to establish a con-

trolled baseline; extending to additional domains such as electricity

market data (ENTSO-E [18]), building energy consumption datasets,

financial or sensor data is future work.

Hardware and Execution. Offline experiments are conducted on

a CloudLab cluster [17] design using 𝑟7525 nodes running Ubuntu

22.04, equipped with dual AMD EPYC 7542 processors, 512GB

RAM, 2 TB disk, and 2.9GHz clock speed. Additionally, each node

is provisioned with two NVIDIA Tesla V100S (32GB) GPUs.

Metrics and Evaluation Dimensions. EcoLLM evaluates models

across three dimensions: quality [11, 25], performance [16, 48],

and efficiency dimensions [6, 46], forming a multi-objective space

analogous to classical query optimization, extended with an energy

dimension. Although EcoLLM supports additional metrics such

as CO2 emissions, cost, and numeric error, this initial evaluation

focuses on latency, accuracy and energy consumption.
Performance is measured using average latency and accuracy,

and efficiency is captured using energy consumption (kWh), which

quantifies computational effort. Task accuracy is measured using a

workload-specific metric pass rate, defined as the fraction of tasks

for which the model produces a fully correct, schema-compliant

output. Pass rate lies in [0, 1] and captures end-to-end correctness

of structured computation, where partial outputs are treated as

failures. We use pass rate as the primary accuracy metric, as it

captures end-to-end correctness under strict execution semantics.

In data-processing pipelines, outputs must be syntactically valid

and semantically executable; even minor deviations lead to failure.

Therefore, a binary metric is appropriate to reflect whether an LLM

can reliably function as an operator within a system.

Energy Measurement. Energy measurement [60] depends on the

execution environment and poses a fundamental challenge in LLM-

based systems. For locally executed models, energy can be esti-

mated from resource utilization, whereas for API-based models,

computation occurs on remote infrastructure and cannot be di-

rectly observed. As a result, a single measurement approach does

not suffice for both settings.

In case of local (offline) models, hardware-level approaches (e.g.,
RAPL [32]) directly measure power consumption and provide high

accuracy, but require controlled environments and specialized ac-

cess. In contrast, software-based approaches such as CodeCar-

bon [15] estimate energy consumption by monitoring resource

utilization (CPU, GPU, memory) and combining usage time with

hardware-specific power models. These approaches approximate

energy as:

𝐸 ≈
∑︁

𝑟 ∈{CPU, GPU}
𝑃𝑟 · 𝑡𝑟 ,

where 𝑃𝑟 denotes the estimated power draw of resource 𝑟 and 𝑡𝑟 its

utilization time. While less precise than hardware measurements,

https://www.eia.gov/state/seds/CDF/Complete_SEDS.csv
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they are practical and reproducible for local experiments, though

sensitive to hardware configuration and utilization assumptions.

For API-based (online) models, direct measurement is not feasible

because inference is executed on remote infrastructure. Client-

side measurements capture only idle or network-related energy

and therefore significantly underestimate actual consumption. To

address this, provider-side attribution approaches such as EcoLog-

its [50] estimate energy per request by mapping input/output token

counts and model characteristics to pre-calibrated efficiency models

of large-scale inference systems.

EcoLLM adopts a hybrid approach that aligns energy estima-

tion with the execution mode. For locally executed models, we use

resource-based estimation derived from runtime and CPU utiliza-

tion as detailed above. For API-basedmodels, we use EcoLogits-style

provider-side attribution to estimate energy per request. This de-

sign is essential for fair comparison as using local estimation for

API models would underestimate energy, while using provider-side

attribution for local models would be inapplicable. By matching the

measurement method to the execution setting, EcoLLM enables

consistent and comparable energy analysis across heterogeneous

deployments, which is critical for studying energy-aware trade-offs

in LLM-based data systems.

Our initial evaluation focuses on understanding energy-aware

performance trade-offs in LLM-based data-processing tasks. In par-

ticular, we analyze how energy consumption relates to execution

latency and accuracy and how this relationship varies across de-

ployment modes and workload complexity.

EQ1 (Energy vs Performance Trade-offs). How does energy

consumption relate to execution latency across models and work-

load families? What trade-offs emerge in the Pareto frontier be-

tween low-latency and energy-efficient execution?

EQ2 (Impact of Deployment Mode and Complexity). How

does the trade-offs differ between locally deployed (offline) and

API-based (online) models under increasing workload complexity

for complex pipeline tasks (Family 4) at larger input sizes?

3.2 EQ1: Energy vs Latency Trade-offs

We first focus on the energy–latency trade-off, as latency is the

primary performance metric optimized by database systems, while

energy represents an emerging but critical efficiency objective that

most database benchmarks neglect. Analyzing their interaction is

essential for understanding the trade-offs faced by modern data

systems integrating LLMs. Therefore, we analyze this across work-

load families under the highest complexity setting (C4). We use

Pareto plots, a standard tool in multi-objective optimization, to

characterize the frontier of optimal trade-offs between latency and

energy and to identify non-dominated models as shown in Figure 2.

Here, each point represents a model with metrics averaged across

multiple task instances and input table sizes.

Across all workload families (Family 1– Family 4), the models

do not form a smooth trade-off curve. Instead, they split into two

clear groups: one with low latency but high energy, and another

with higher latency but lower energy. Lightweight models such

as o3-mini consistently appear in the lower-left region, achieving

both low latency and low energy, indicating minimal computational

effort. In contrast, API-based models such as GPT-4.1 and GPT-4.1-

mini occupy the low-latency but high-energy region, e.g., ∼5–7k
ms latency in Family 1: tabular reasoning and Family 3: multi-step
analysis at 10−4–10−3 kWh (cf. Figures 2a and 2c), while several

local models cluster in the high-latency but low-energy region

(e.g., 10k–20k ms at 10
−5
–10

−4
kWh). This creates a characteristic

L-shaped Pareto structure, where improvements in latency are

achieved at a disproportionate increase in energy cost.

Although the absolute energy per task is small, the relative dif-

ferences across models are significant and amplify at scale. More

importantly, these differences lead to fundamentally different trade-

offs between latency and effectiveness, showing that energymust be

considered as a first-class objective in LLM-based data systems. For

example, a per-request energy cost of 0.001 kWh (GPT-4.1 across all

workloads) corresponds to 1 MWh for one million requests per day,

which scales to 365 MWh annually. Given that models can differ by

an order of magnitude in energy consumption, this translates into

hundreds of megawatt-hours difference per year, making energy a

critical factor in large-scale deployments.

The Pareto frontier is therefore not defined by a single dominant

model, but by a set of trade-offs between execution regimes. Models

that minimize latency are systematically dominated in energy by

smaller local models, while energy-efficient models incur signifi-

cantly higher latency. This is particularly visible in Family 4: code
generation (cf. Figure 2d) , where latency spreads widely (up to ∼35k
ms) without a corresponding change in energy ordering, and in

Family 2: anomaly reasoning (cf. Figure 2b), where even moderate

latency reductions require noticeable increases in energy. This in-

dicates a fundamental trade-off: improving latency comes at the

cost of higher energy, while improving energy efficiency leads to

higher latency.

A key observation from the plots is that energy is not propor-

tional to latency. For example, GPT-4.1 achieves lower latency than

most local models while consuming substantially more energy,

indicating that energy is dominated by backend execution char-

acteristics (e.g., parallel hardware utilization, model scale) rather

than wall-clock time. Conversely, models with similar latency (e.g.,

several mid-sized local models in workload Family 1 and Family 3)
can differ noticeably in energy, suggesting that architectural dif-

ferences and implementation efficiency also influence the trade-off

surface.

Overall, the most significant factor shaping the Pareto trade-

off is the deployment and inference regime rather than workload

complexity or runtime alone. Latency is optimized through ag-

gressive parallelism and large-scale infrastructure, whereas energy

efficiency emerges from smaller models and constrained execution

environments. This results in a persistent and predictable trade-off

surface across all workloads, where optimizing for latency inher-

ently shifts execution toward higher energy regions, and optimizing

for energy shifts execution toward higher latency.

3.3 EQ2: Impact of Deployment Mode and

Complexity

To further understand the interplay between performance, effec-

tiveness, and efficiency, we provide a deeper analysis of accuracy,

latency, and energy by focusing on pipeline/code generation tasks
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Figure 2: Energy and average latency trade-offs for all workload families under the highest complexity level (C4). Each

point corresponds to one model. Models located closer to the lower-left corner are more desirable, as they combine lower

environmental cost with lower latency. Across all families, the plots reveal that low-latency models are not necessarily energy-

efficient, indicating a fundamental tension between performance-oriented and energy-aware execution.

(Family 4), which represent the most complex setting and require

LLMs to synthesize executable multi-step pipelines. We report of-

fline and API-based models separately in this analysis to highlight

their distinct behavior under increasing complexity. While Figure 2

presents a joint view of all models to illustrate global trade-offs,

separating them here helps explain how these trade-offs arise from

fundamentally different execution settings.

Figure 3a-3d show how latency and energy change as task com-

plexity increases (from C1 to C4). For offline models (Figure 3a),

latency increases steadily with complexity, which is expected since

the tasks require more steps and more reasoning. In contrast, API-

based models (Figure 3b) keep latency relatively low and stable

across all complexity levels. However, this does not mean they are

more efficient. As shown in Figure 3c and 3d, API-based models

consistently use much more energy, while offline models increase

energy only moderately. This shows that faster execution in API-

based models comes from using more resources, not from doing

the work more efficiently.

When we look at effectiveness, a different pattern appears. In

Figure 3e, improvements with increasing complexity are primarily

driven by specific models rather than a general trend. Models such

as Qwen and CodeLLaMA achieve the highest pass rates across

complexity levels. While CodeLLaMA is specifically designed for

code generation, Qwen, as a general-purpose model with strong

structured generation capabilities, also performs well on these tasks.

In contrast, several other models, including Gemma and Mistral,

produce almost no correct outputs regardless of complexity. Inter-

estingly, DeepSeek-Coder, despite being designed for coding tasks,

also performs poorly in this setting. This suggests that success on

pipeline/code generation tasks depends not only on general cod-

ing ability, but also on the model’s ability to generate structured,

executable queries under strict output constraints. For API-based

models (Figure 3f), pass rates do not consistently improve with

increasing complexity and vary significantly across models. While

GPT-4.1 maintains high effectiveness, models such as GPT-4.1- and

o3-mini exhibit low or zero pass rates, showing that performance

is not uniformly strong but highly dependent on model capability.

An important takeaway is that energy and accuracy are not

aligned. Somemodels that use little energy perform very poorly. For

example, Gemma, Mistral, and DeepSeek-Coder have low energy

usage but near-zero pass rates. The most energy-efficient model,

o3-mini, also fails completely on this task. This shows that optimiz-

ing only for energy can lead to models that are fast and cheap but

do not produce useful results. Overall, the results highlight three

key points. First, lower latency often comes with higher energy

cost. Second, higher energy does not guarantee better results. Third,

model choice matters: only some models benefit from increased

computation, while others fail regardless of complexity. In the end,

the main difference comes from how the models are deployed. Of-

fline models trade speed for lower energy and can improve with

more complex tasks (if they are capable enough). API-based models

stay fast and consistent but use much more energy. This shows that

choosing the right model depends on what matters most: speed,

energy, or correctness.

4 Related Work

LLMs in Data Management. Recent systems increasingly inte-

grate LLMs into data-processing and query-execution pipelines as

semantic operators for extraction, transformation, filtering, and

reasoning. Examples include Palimpzest [34], LOTUS [45], Do-

cETL [56], ThalamusDB [31], Caesura [63] and Samsara [54]. These

works show that LLMs can act as execution-time components in

data systems and explore trade-offs such as accuracy, latency, and

monetary cost. However, they do not systematically study how en-

ergy consumption and CO2 emissions vary across workload struc-

ture, operator complexity, and data scale.

Performance Modeling and Benchmarking. A large body of

work in databases and stream processing focuses on learned cost

models [1, 3, 21, 23, 37], performance prediction [24, 38, 61], and

system benchmarking [2, 7, 13, 40, 47, 69], with the primary goal

of understanding or optimizing runtime behavior. These learned

performance models and systems benchmarks for classical database

emphasize on correctness, latency, and throughput. Outside data

management, popular LLM benchmarks [14, 53, 66] focus on rea-

soning accuracy and capability evaluation. While these approaches

are valuable for performance or quality assessment, they largely
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Figure 3: Impact of deployment mode and workload complexity on latency, energy, and task effectiveness for Family 4

(pipeline/code generation) at larger input sizes. The top row shows latency, the middle row shows energy consumption, and the

bottom row shows pass rate across complexity levels (C1–C4) for offline and API-based models. Offline models exhibit steadily

increasing latency and moderate energy growth with complexity, accompanied by improvements in pass rate, indicating

that additional computation contributes to more effective execution. In contrast, API-based models maintain relatively low

latency and stable effectiveness across complexity levels, but incur substantially higher energy consumption. Overall, the plots

highlight a clear divergence between deployment modes: local execution trades latency for energy efficiency while scaling

effectiveness with complexity, whereas remote execution preserves speed and effectiveness at a significantly higher energy

cost.

abstract away workload properties that are central in data systems,

such as operator composition, table scale, and structured output

correctness, and they rarely treat energy as a first-class evaluation

objective.

Energy Measurement for ML and LLM Systems. Energy-aware

computing has a long history in systems research, including bench-

marks such as JouleSort [51]. For ML workloads, tools [4, 8, 15, 43,

50, 68] provide either software-based estimation [15] of local energy

use, or supports provider-side attribution [50] for API-based LLM

inference. These tools provide important measurement primitives

for estimating energy and carbon footprint, but they do not de-

fine workload-centric evaluation frameworks for LLMs used inside

data-processing pipelines.

Gap and Positioning. Taken together, prior work [5, 11, 12, 14, 22,

22, 29, 33, 36, 39, 42, 44, 46, 49, 52, 55] addresses only parts of the

problem. Existing LLM-based data systems demonstrate how LLMs

can be embedded into query pipelines, but do not evaluate them

from an energy-aware systems perspective. Performance modeling

and benchmarking work studies runtime and quality, but not the

interaction between workload structure and environmental cost.

Energy-measurement tools provide attributionmechanisms, but not

workload-aware benchmarks. EcoLLM bridges these lines of work

by combining workload-centric task design, controlled complexity

and scale, deterministic scoring, and hybrid energy attribution to

study energy–accuracy–performance trade-offs in LLM-based data-

management workloads.

5 Conclusion

We presented EcoLLM, a benchmark for analyzing energy consump-

tion in LLM-driven data pipelines. Our evaluation shows that higher

energy does not consistently improve task effectiveness, with only a

subset of models achieving high accuracy at widely different energy
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costs. We further observe a consistent energy–latency trade-off,

where low-latency API-based models incur substantially higher

energy compared to more efficient local models. These findings

challenge traditional data-centric assumptions, highlighting that

energy behavior is primarily shaped by model characteristics and

inference regimes rather than data scale alone. As a future work,

we plan to extend the empirical analysis to broader workloads and

datasets, and to develop energy-aware cost models and adaptive

strategies for efficient LLM-based data systems.
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