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Abstract

The escalating computational demands of Large Language Models (LLMs) raise significant concerns
regarding their environmental sustainability. While prior work has quantified training emissions, in-
ference — which dominates a model’s lifecycle carbon footprint — remains underexplored in holistic
evaluations that jointly consider efficiency and effectiveness. This study investigates whether smaller
models augmented with Retrieval-Augmented Generation (RAG) can achieve Pareto-optimal configu-
rations that balance accuracy and carbon emissions better than larger, non-RAG models. We conduct
experiments across three model families (DeepSeek-R1, Qwen3, Gemma 3) on two question answer-
ing datasets (HotpotQA, Natural Questions), measuring end-to-end emissions using CodeCarbon. Our
results show that on Natural Questions, RAG enables models as small as 0.6B parameters to outper-
form 12B–32B models in terms of F1 score with lower carbon emissions, in some cases achieving up
to 90% emission reductions. However, on HotpotQA, the efficiency benefits are more nuanced, with
RAG consistently improving F1, but not always reducing emissions. Our work provides a systematic
analysis of the efficiency–effectiveness trade-off of incorporating RAG, offering practical guidance for
environmentally sustainable AI.
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1. Introduction

The escalating computational demands of state-of-the-art Large Language Models (LLMs) raise
concerns regarding their environmental sustainability and operational costs. In response, the field
of Green AI [1] has emerged as a frontier in AI research, advocating for a greater emphasis on
efficiency alongside raw performance.

While the carbon footprint of model training is well-documented [2, 3], a comprehensive un-
derstanding of inference-phase emissions is crucial. Existing work begins to quantify inference
energy usage but often does so in isolation from traditional performance metrics [4, 5]. Noting that
larger language models tend to use more energy, for both training and inference, than smaller lan-
guage models [5], our work seeks to bridge that gap by conducting a holistic evaluation of whether
smaller, retrieval-augmented models can be both more effective in terms of traditional evaluation
metrics while also being more efficient in terms of energy usage and resulting carbon emissions
than larger non-retrieval augmented models. We focus specifically on Retrieval-Augmented Gener-
ation (RAG) as it addresses a key limitation of static LMs: their inability to access current knowledge
without retraining [6]. RAG compensates for reduced parametric knowledge in smaller models by
providing relevant, up-to-date context from external knowledge bases, potentially enabling smaller
models to match or exceed larger models’ performance while consuming less energy.

Our investigation allows for the identification of Pareto-optimal approaches, which are configura-
tions where no other model is simultaneously more accurate and more efficient. The study is guided
by two research questions:

• RQ1: Can smaller LMs with RAG achieve higher effectiveness (measured by F1 score)
than larger LMs without RAG?

• RQ2: Can smaller LMs with RAG be more efficient, i.e., use less energy (resulting in lower
carbon emissions), than larger LMs without RAG?



Given the potential for external knowledge to compensate for reduced parametric knowledge in
smaller models, we hypothesize that the answer to both research questions is “yes”. We conduct
experiments on two question answering datasets, HotpotQA and Natural Questions. On Natural
Questions, we find that RAG can reduce emissions by up to 90% while outperforming models over
20 times larger in parameter count; however, on HotpotQA, a multi-hop question answering dataset,
these benefits appear to be more nuanced, with RAG consistently improving F1, but not always
reducing emissions.

Although the focus of this study is on energy usage and carbon emissions, note that smaller
models can also be better suited for deployment in resource-constrained environments or on edge
devices, where, for example, the higher energy usage of larger models may be prohibitive [1]. Code
to reproduce our experimental results is available at https://github.com/VeiledTee/
LMPowerConsuption.

2. Related Work

“Green AI” — research prioritizing environmental efficiency — has been distinguished from
“power-hungry AI” — research that pursues state-of-the-art performance regardless of computa-
tional cost [1]. This study notes that models are typically evaluated solely on traditional performance
metrics (e.g., exact match and F1 score) without reporting the energy cost.

The environmental impact of LLMs has been predominantly studied through the lens of training,
a highly energy-intensive one-time event [2, 3]. However, focusing solely on training obscures the
long-term carbon footprint of deployment. Inference costs can eventually dwarf training emissions
over a model’s lifetime, especially for widely adopted systems [4]. Despite growing awareness,
evaluation paradigms lag behind: models are typically benchmarked on effectiveness (e.g., accuracy)
alone, without reporting energy costs [1]. This lack of transparency is particularly problematic
during inference, where energy measurement is complex but essential for holistic carbon accounting
[4, 5]. Crucially, most prior work, with a notable exception being [4], does not jointly consider
efficiency and effectiveness, making it impossible to identify Pareto-optimal configurations. Our
work further contributes to addressing this gap.

A limitation of LMs is that, once trained, the out-of-the-box version of the model cannot provide
“current” knowledge without further training. To bridge that gap, retrieval-augmented generation
(RAG), a well-known method capable of reducing hallucinations in LMs and keeping their knowl-
edge up to date [7, 8], can be used. RAG at its most simple is composed of two parts; a retrieval
system and a generator [6]. This enables RAG systems to perform retrieval over up-to-date knowl-
edge bases before relying on an LM to generate a natural language reply to the initial query.

Larger language models tend to use more energy, for both training and inference, than smaller
language models [5]. In this paper, we consider whether a smaller LM with RAG can be more
effective and more efficient than a larger language model without RAG.

It is important to note that RAG also introduces its own energy overhead. The energy required to
perform the retrieval of relevant information to aid the generator model is essential to measure and
account for. The longer prompt passed to the generator also increases the computational load during
the generation step. This extra overhead must be weighed against the alternative; querying a model
that relies solely on its internal parameters. Whilst the benefits of RAG are known [6], the impact it
has on the efficiency–effectiveness trade-off, which we consider in this paper, is under-explored.

Beyond model size and retrieval, the recent advent of “reasoning” models introduces another
critical variable in the efficiency–effectiveness discussion. Reasoning models often use a Chain-of-
Thought (CoT) methodology in which they explicitly generate intermediate reasoning steps before
producing a final answer [9]. Whilst this can improve performance on complex logical tasks, it
increases token counts per response, directly correlating to higher emissions [5]. CoT models there-
fore introduce a trade-off; invest more energy to achieve better performance on the task [10]. In this
study we explore this by considering both reasoning and non-reasoning models.

https://github.com/VeiledTee/LMPowerConsuption
https://github.com/VeiledTee/LMPowerConsuption


3. Methodology

This section describes our experimental methodology including the datasets and language models
used, the experimental setup, and the approach to estimating carbon emissions.

3.1. Datasets

To evaluate the efficiency–effectiveness trade-off in RAG systems, we require datasets that pro-
vide both questions with answers and the supporting context that can be used to answer them. Fur-
thermore, to accurately measure the full carbon footprint of a RAG pipeline, we must account for
the energy cost of the retrieval step. This necessitates a dataset where context can be retrieved
algorithmically from a standard corpus, allowing us to instrument and measure retrieval emissions.

The first dataset we consider, HotpotQA [11], is a multi-hop question-answering dataset designed
to test the ability to reason across multiple supporting documents. Each question requires the synthe-
sis of information from two or more Wikipedia paragraphs to arrive at the correct answer. The dataset
provides the gold-standard answers, and supporting paragraphs, along with the full Wikipedia dump
(2017-10-01) from which they were drawn. We consider two LM configurations for the HotpotQA
experiments: query only (QO), in which only the query from the dataset is passed to the LM, and
gold standard (GS), where we pass the “gold standard” supporting paragraphs associated with each
query as additional context. As in prior work, we limit the test set to 1, 000 randomly sampled
instances [4].

We use HotpotQA for three key reasons: (1) its multi-hop nature presents a non-trivial reasoning
challenge where access to external knowledge (via retrieval) can be leveraged, making it an interest-
ing testbed for RAG; (2) the provided Wikipedia dump allows us to implement a TF-IDF retrieval
system algorithmically identical to that originally used to find relevant context for each question
[11]; (3) by reproducing this retrieval process, we can measure the energy consumption of retrieval.
For our experiments, we use the fullwiki setting from [11], where the system must retrieve relevant
paragraphs from the full corpus containing both relevant and irrelevant documents.

The second dataset we consider, the Natural Questions (NQ) corpus [12], is a large-scale dataset
built from real, anonymized Google search queries. Each instance contains a user question, a
Wikipedia page that potentially contains the answer, a “short answer” (one or more named enti-
ties), and a “long answer” (a paragraph from the Wikipedia page that contains the short answer).
The short answer is the gold-standard answer for QA evaluation.

Kwiatkowski et al. [12] consider a “first paragraph” baseline, where the system retrieves only the
first paragraph from the Wikipedia page linked to the query. We add this approach to our configu-
rations, providing us with three for NQ: QO, GS (where we provide the long answer paragraph as
context), and first paragraph (FP) — where we provide the first paragraph of each query’s associated
Wikipedia page as context. We filter the NQ test set to include only instances that provide both a
short and long answer, and then again randomly select 1, 000 instances.

We consider NQ because it is widely used for question answering evaluation, and allows an extra
RAG configuration (i.e., FP) for another point of comparison in our experiments. Note, however, that
we cannot directly measure the retrieval emissions of NQ as the long answer paragraphs were chosen
by human annotators. We therefore estimate retrieval emissions for NQ based on measurements for
HotpotQA (discussed further in Section 3.3).

3.2. Models

In our investigation, due to hardware limitations, we focus on language models that can fit on
a single GPU. Due to the nature of our research questions, we also sought out model families that
have at least four different model sizes at 32B parameters or lower, allowing for multiple points of



comparison. We choose models available on Ollama,1 as we use this tool to run our experiments.
Under these constraints we select the DeepSeek-R1 [13] (1.5B, 7B, 14B, 32B), Qwen3 ([qwen3],
0.6B, 1.7B, 4B, 8B, 14B, 32B), and Gemma 3 [14] (1B, 4B, 12B, 27B) models.

Each model is evaluated on both datasets with the QO configuration. Each model except the
largest in each family (i.e., DeepSeek-R1 32B, Qwen3 32B, and Gemma 3 27B) is evaluated in
each RAG configuration, i.e., GS on both datasets and FP in the case of the NQ dataset. We do
not consider the largest model in each family using RAG because we are interested in comparisons
of smaller models with RAG to larger models without RAG. Furthermore, this choice somewhat
reduces the computation required to carry out the experiments.

The DeepSeek models are distinguished from Qwen3 and Gemma 3 by their integration of Chain-
of-Thought (CoT) reasoning, allowing them to generate intermediate reasoning tokens before pro-
ducing a final response [13].2 While this paradigm enhances performance on complex reasoning
tasks, it introduces an inference overhead; CoT models can generate more internal tokens than their
standard counterparts, directly increasing the total energy consumption per request [5]. In the con-
text of our investigation, these models in the QO configuration represent a high-resource benchmark;
we seek to analyze our research questions with CoT and standard models in mind to determine if
the effectiveness gains (in terms of F1) afforded by this “reasoning” justify the resulting increase in
emissions when compared to smaller, RAG configurations. Note that, following prior work [5], we
do not constrain output token length for any model during inference. Token counts therefore reflect
each model’s native verbosity — including any CoT thinking tokens in the case of DeepSeek-R1 —
and will vary across models and configurations.

3.3. Experimental Setup and carbon estimation

Our experimental pipeline for evaluating a model M on a dataset D proceeds as follows:
(1) Retrieval: For each question qi ∈ D, we use a TF-IDF retriever to measure the energy con-

sumption of fetching the most relevant passages from the Wikipedia corpus. The retrieved
paragraphs are not used later in the pipeline — we perform this step only to measure the
emissions of retrieval.

(2) Prompt Construction: The configuration determines if we provide additional context with
the query or not. For QO configurations we only prompt the LM with the question. For GS
and FP configurations, we concatenate the context provided by the dataset for question qi
with the original question qi into a structured prompt.

(3) Generation: The prompt is fed to the target language model M , which generates a free-text
completion. Again, no maximum token limit is imposed in generation.

(4) Evaluation: Text generated by M is evaluated against the ground-truth answer using F1,
which is the standard evaluation metric used for each dataset. For NQ, the ground-truth
answer is the short answer.

(5) Emission Accounting: The total carbon emissions for the query are calculated as the sum
of the retrieval emissions and the inference emissions.

We use the Code Carbon package [15] to measure carbon emissions. All of our experiments were
run on a Windows 11 machine with a NVIDIA RTX 4090 24GB GPU, a Ryzen 7 7800X3D 8-core
CPU, and 64GB RAM. Furthermore, all experiments were run in the same compute region (New
Brunswick, Canada) which has a carbon intensity of 293.62gCO2eq/kWh.

To measure the retrieval emissions, for HotpotQA, we measure the emissions for retrieving con-
text for all 1, 000 HotpotQA instances in a single, dedicated run. Note that we only do this once,
for all HotpotQA experiments, because the retrieval setup (e.g., hardware, dataset, algorithm) is the
same for all experiments using this dataset. As mentioned, we are unable to replicate the retrieval

1https://ollama.com/
2Qwen3 also has a CoT option; however, during preliminary experiments, we found that non-CoT Qwen3 models were more
efficient and effective. We therefore only report results for Qwen3 without using CoT.
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process used to find the long answer paragraphs from NQ because they were selected by human an-
notators. Therefore, since retrieval for both NQ and HotpotQA involves retrieving paragraphs from
a Wikipedia-scale corpus, we use the measured retrieval emissions for HotpotQA as an estimate for
the retrieval emissions for NQ.

To measure inference emissions, we instrument the generation function to begin tracking emis-
sions right before providing the prompt to the LM, and stop tracking emissions immediately after
the LM provides a response to the query.

4. Results

This section presents the efficiency–effectiveness trade-offs for parametric scaling versus retrieval
augmentation. We first analyze trends within each model family and then synthesize cross-family
insights to answer our research questions in their entirety. In analyzing results, we will often consider
the Pareto frontier. In our analyses the Pareto frontier is the set of model configurations such that
no other model configuration simultaneously achieves a higher F1 score and lower emissions. In
answering our research questions, we will focus on the QO configuration that achieves highest F1

score as a point of comparison. We do this because, in some cases, the largest QO configuration
achieves surprisingly low F1 compared to smaller QO models.

4.1. Within-Family Analysis

Across all model families, we first validate the expected scaling trends: for Query-Only (QO)
models, we expect that larger sizes should yield higher F1 scores at the cost of increased emissions.
For each family and dataset, we analyze these QO baselines before introducing the RAG configura-
tions — GS and, in the case of the NQ dataset, FP. Holding model size constant, we then compare
RAG configurations to their corresponding QO variants. We hypothesize that, when model size is
fixed, RAG will trade higher effectiveness for lower efficiency, attributable to retrieval overhead and
more input tokens processed at inference time leading to higher emissions [5]. Finally, to answer
our research questions, we compare the RAG configurations against the QO model that achieves the
highest F1 score.

4.1.1. DeepSeek-R1

HotpotQA. Consistent with our expectations, larger QO models achieve higher F1 scores at the cost
of higher emissions (Figure 1, left; full results shown in Appendix A, Table 1). For example, F1 rises
from 0.07 to 0.18, while emissions increase by an order of magnitude, from QO 1.5B to QO 32B.
When model size is fixed, each GS configuration follows the hypothesized trade-off, surpassing its
QO counterpart in F1 but with higher emissions.

To answer RQ1 and RQ2, we compare these GS configurations to the most-effective QO model,
QO 32B. Several smaller GS models are more efficient and more effective than our point of com-
parison. Specifically, GS 7B and GS 14B both achieve a higher F1 than QO 32B at a lower cost
of emissions. Thus, for DeepSeek on HotpotQA, smaller LMs with RAG are more efficient and
more effective than the best-performing, and larger, QO model. The answer to both of our research
questions is therefore yes.
Natural Questions. The QO scaling trend also holds for NQ: larger models yield higher F1 at the
cost of emissions (Figure 1, right; full results shown in Appendix A, Table 1). Holding model size
fixed and comparing RAG and QO configurations, we observe that each FP configuration achieves
a higher F1 while emitting less g CO2eq than its QO counterpart. This result could be explained
by the number of output tokens for each configuration (shown in Appendix A, Table 1); all FP
configurations output fewer tokens than their QO counterpart. However, the scaling trend is less
clear for the GS configurations. While GS 1.5B and 7B follow the expected trade-off (higher F1,
more emissions), GS 14B achieves a higher F1 for lower emissions than QO 14B. Here we see the



same trend in number of output tokens as for the FP models; GS 14B outputs roughly 117k fewer
tokens than QO 14B.

We now consider how smaller RAG configurations compare to the most effective QO model, QO
32B. We see that smaller FP and GS configurations outperform this model with higher F1 and lower
g CO2eq. The most dramatic example of this is GS 1.5B, which achieves an F1 of 0.24, surpassing
the QO 32B model’s F1 of 0.14, while using only 14% of the emissions. For DeepSeek on NQ,
the answer to both RQ1 and RQ2 is again a definitive yes, smaller RAG configurations can achieve
higher F1 with less emissions than a larger, non-RAG model.
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Figure 1. An efficiency–effectiveness comparison of the DeepSeek-R1 model family on the HotpotQA
and NQ datasets. The y-axis is in log scale and shared between both plots. Model size is indicated by
marker size.

4.1.2. Qwen3

HotpotQA. The expected scaling trends for QO models do not always hold; some larger models
achieve higher F1 scores at the cost of higher emissions, as expected, but there are exceptions (Figure
2, left; full results shown in Appendix A, Table 2). For example, QO 4B is the most power-hungry
of all QO configurations, but does not achieve the highest F1 score. Furthermore, QO 8B and QO
14B achieve higher F1 than QO 0.6B and do so at the cost of lower emissions. When model size is
fixed, most GS configurations follow the hypothesized trade-off, surpassing their QO counterparts
in F1 but with higher emissions. A notable exception is GS 1.7B, which achieves a higher F1 than
QO 1.7B (0.32 vs. 0.14) but emits far less CO2 (32.52 vs. 53.76 g CO2eq), due to generating only
5k output tokens compared to 81k.

To answer RQ1 and RQ2, we compare the GS configurations to the most effective QO model,
QO 14B (0.26 F1, 20.10 g CO2eq). While smaller GS configurations achieve higher F1 scores than
QO 14B, none of them are more efficient. This appears to be due to differences in the number of
output tokens. For example, GS 1.7B achieves 0.32 F1 but outputs 81k tokens compared to QO
14B’s 7k. Thus, for Qwen3 on HotpotQA, smaller RAG models are more effective, but not more
efficient, than the best-performing QO model. The answer to RQ1 is yes but to RQ2 is no.
Natural Questions. The QO scaling trend is similar to what we see in the HotpotQA results; larger
models generally yield higher F1 at the cost of more emissions, although there are exceptions (Figure
2, right; full results shown in Appendix A, Table 2). In particular, QO 0.6B is less effective than
QO 1.7B but uses more g CO2eq, while QO 4B is the most effective of all QO configurations.
Holding model size fixed and comparing RAG to QO configurations, there are only two (of the five)



FP configurations that match our expectations — FP 1.7B and FP 14B both achieve a higher F1

than their QO counterpart at the cost of more emissions. However, the other three configurations
deviated from our expectations; FP 0.6B, FP 4B, and FP 8B all achieve a higher F1 score than their
QO counterparts for less g CO2eq. The GS configuration results also reflect a partial alignment
with our initial hypotheses. For three of our five GS configurations,we observe increases in F1

and emissions compared to their same-size QO counterparts. However, GS 1.7B and GS 4B both
outperform their QO counterparts with higher F1 for lower emissions.

We again focus on the most effective QO model, here QO 4B (0.24 F1, 331.93 g CO2eq), as our
point of comparison. Multiple smaller FP and GS configurations outperform this model with higher
F1 and lower emissions. For example, GS 1.7B achieves an F1 of 0.46 while using only 10% of the
emissions (32.20 g vs. 331.93 g). Similarly, FP 8B (0.34 F1, 41.52 g CO2eq) and GS 0.6B (0.34 F1,
28.80 g CO2eq) both provide better effectiveness in terms of F1 score at a fraction of the emissions.

For Qwen3 on NQ, while the patterns within same-size comparisons are mixed, the answer to
both RQ1 and RQ2 is yes: smaller RAG models can be more effective (RQ1) and more efficient
(RQ2) than larger non-RAG models.
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Figure 2. An efficiency–effectiveness comparison of the Qwen3 model family on the HotpotQA and
NQ datasets. The y-axis is in log scale and shared between both plots. Model size is indicated by
marker size.

4.1.3. Gemma 3

HotpotQA. Consistent with our expectations, larger QO models generally achieve higher F1 scores
at the cost of higher emissions (Figure 3, left; full results shown in Appendix A, Table 3). As
an example, F1 rises from 0.13 to 0.25, and emissions rise from 19.90 to 28.99 g CO2eq when
we increase QO configuration model size from 1B to 12B. The QO 27B model, however, is an
exception, achieving by far the lowest F1 (0.06) and highest emissions (261.75 g CO2eq). When
model size is fixed, each GS configuration follows the hypothesized trade-off, surpassing its QO
counterpart in F1 but with higher emissions.

To answer RQ1 and RQ2, we compare these GS configurations to the most-effective QO model,
QO 12B (0.25 F1, 28.99 g CO2eq). While smaller GS configurations achieve higher F1 scores, all
are less efficient than QO 12B. For example, GS 4B achieves 0.38 F1 but emits 31% more g CO2eq
than QO 12B. Thus, for Gemma 3 on HotpotQA, while RAG improves effectiveness (RQ1), smaller
RAG models are not more efficient than the best-performing QO model. Although the answer to
RQ1 here is yes, the answer to RQ2 is no.



Natural Questions. The QO scaling trend holds for NQ: larger models generally yield higher F1 at
the cost of higher emissions (Figure 3, right; full results shown in Appendix A, Table 3), although
QO 27B again underperforms, with the lowest F1 despite its size. Holding model size fixed and
comparing RAG to QO configurations, the FP and GS configurations for both the 1B and 12B model
sizes achieve higher F1 than their QO counterparts at the cost of higher emissions. FP 4B and GS
4B, however, have a higher F1 than QO 4B, but lower emissions. This could be due to differences in
number of output tokens; FP 4B and GS 4B both only output 9k tokens, while QO 4B outputs 115k.

We again focus on the most effective QO model, QO 12B (0.30 F1, 30.71 g CO2eq), as our
point of comparison. While most RAG configurations achieve higher F1 scores at the cost of higher
emissions, we note one exception: GS 1B achieves the same F1 (0.30) with slightly lower emissions
(29.70 g CO2eq). This represents a small efficiency gain for the same level of effectiveness. This
comparison tells us that here the answer to RQ2 is yes: a smaller RAG configuration, GS 1B, is
more efficient than the most effective non-RAG configuration (QO 12B). Although the answer to
RQ1 is not yes, it is remarkable that the much smaller GS 1B model is able to achieve the same F1

score as QO 12B, the best non-RAG model.
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Figure 3. An efficiency–effectiveness comparison of the Gemma 3 model family on the HotpotQA
and NQ datasets. The y-axis is in log scale and shared between both plots. Model size is indicated by
marker size.

4.2. Cross-Family Comparison

This section synthesizes findings across the DeepSeek-R1, Qwen3, and Gemma 3 families to
identify overall trends in the efficiency–effectiveness trade-off and determine the configurations on
the global Pareto frontier.
HotpotQA. The results for HotpotQA, shown in Figure 4, indicate that RAG models are more ef-
fective than QO models. The models with highest F1, i.e., the right side of Figure 4, are all GS
configurations, which use RAG. It appears that RAG addresses the multi-hop reasoning require-
ments for HotpotQA more effectively than parametric scaling alone, at least for the model sizes
considered. We observe that the Pareto frontier for HotpotQA consists of six points: two QO and
four GS configurations. All GS configurations on the Pareto frontier achieve a higher F1, but at the
cost of higher emissions, than all QO configurations.

Notably, the Pareto frontier consists of Qwen3 and Gemma 3 models, but no DeepSeek models.
The Deepseek models tend to have relatively high emissions compared to the others. Note that the
DeepSeek models also tend to output orders of magnitude more tokens than the Qwen3 and Gemma



3 models, likely due to the thinking tokens these models produce. (Number of output tokens for all
model configurations is shown in Appendix A, Tables 1, 2, and 3.)
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Figure 4. Efficiency and effectiveness for all model configurations on HopotQA. The y-axis is in log
scale.

Natural Questions. The results for the NQ dataset are shown in Figure 5. We again see the advan-
tages of RAG in terms of effectiveness; the models with highest F1 are all RAG configurations. We
again see that the DeepSeek models tend to have much higher emissions than the other models. The
Pareto frontier includes configurations of each type: QO (once), FP (twice), and GS (four times).

An additional, and particularly interesting, point of comparison is the most effective QO model,
Gemma 3 QO 12B, which is not on the Pareto frontier. Comparing Qwen3 GS 0.6B to Gemma 3 QO
12B, we see that Qwen3 GS 0.6B achieves a higher F1 (0.34 vs. 0.30) for lower emissions (28.80
vs. 30.71 g CO2eq). This further supports the finding that smaller RAG models can be both more
effective and more efficient than non-RAG models.

Although on this dataset we see that smaller RAG models are able to be more effective and
efficient than larger non-RAG models, the benefits of RAG were more nuanced on HotpotQA,
where RAG consistently improved effectiveness, but did not always result in a more-efficient Pareto-
optimal configuration compared to the best-performing non-RAG models. This finding may stem
from differences in dataset complexity and its impact on output token length, a key driver of infer-
ence energy [5]. NQ is primarily a factoid retrieval task where answers are short entities; it appears
that RAG helps models locate these concisely, often reducing output tokens (e.g., DeepSeek GS 14B
generated 117k fewer tokens than its QO counterpart). In contrast, HotpotQA’s multi-hop nature re-
quires synthesizing information across paragraphs, a reasoning task that RAG appears to help, but
at the cost of longer generations and increased emissions (e.g., Qwen3 GS 14B achieved the highest
F1 (0.47) but output 78k tokens versus QO 14B’s 7k). Thus, RAG’s carbon benefits appear to de-
pend on whether retrieval reduces the generative burden (NQ) or merely shifts it to more complex
reasoning (HotpotQA).

5. Conclusions

This study investigated the efficiency–effectiveness trade-offs of RAG through the lens of Green
AI, specifically addressing whether smaller RAG models can be more effective than larger non-
RAG counterparts in terms of F1, while also being more efficient in terms of carbon emissions. Our
findings provide a compelling, albeit nuanced, confirmation that this is the case.
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Figure 5. Efficiency and effectiveness for all model configurations on NQ. The y-axis is in log scale.

On the Natural Questions (NQ) dataset, we demonstrated that RAG enables substantial efficiency
gains; models as small as 0.6B parameters were able to outperform 12B–32B models in terms of F1

(RQ1) with lower carbon emissions (RQ2), in some cases achieving up to 90% emission reductions.
For instance, the DeepSeek-R1 GS 1.5B configuration achieved an F1 of 0.24 — surpassing the QO
32B model’s 0.14 — while producing only 14% of the emissions. However, the benefits were more
nuanced on the HotpotQA dataset. While RAG consistently improved effectiveness (RQ1), it did
not always result in a more-efficient Pareto-optimal configuration compared to the best-performing
non-RAG models (RQ2).

Ultimately, while RAG introduces its own energy overhead during retrieval and prompt process-
ing, it remains a powerful tool for developing environmentally sustainable AI. By prioritizing aug-
menting smaller models, practitioners can potentially build more accurate QA systems that produce
lower carbon emissions when used.

Our experiments were conducted on two QA datasets — HotpotQA and Natural Questions —
which, while representative of factoid and multi-hop QA tasks, respectively, may not capture the
full diversity of tasks to which RAG can be applied. Future work could consider additional QA
datasets and additional tasks, such as fact verification and open-domain relation extraction. Eval-
uation in real-world deployment scenarios — such as domain-specific QA for healthcare or legal
settings — could further validate the practical applicability of smaller retrieval-augmented models
as a sustainable alternative to larger models which rely solely on parametric knowledge. Our eval-
uation considered three model families (DeepSeek-R1, Qwen3, and Gemma 3); results could differ
for other architectures or training paradigms. Future work could therefore also consider additional
model families such as Qwen3.5 [16], Gemma 4,3 or NVIDIA’s Nemotron-Cascade model [17].

Following prior work [5], we did not constrain output token length during inference. However,
we observed that token output counts varied substantially across models and configurations. We
further noted that some observed differences in efficiency between model configurations could be
due to differences in number of output tokens. As such, future work could further explore efficiency
and effectiveness under a constraint on output token length.

Emissions for NQ were estimated based on those measured for HotpotQA, as the original NQ
retrieval process relied on human annotators and so could not be replicated algorithmically. Both
datasets involve retrieving paragraphs from a Wikipedia-scale corpus, and as such we believe this is a

3Model card available at https://ai.google.dev/gemma/docs/core/model_card_4

https://ai.google.dev/gemma/docs/core/model_card_4


reasonable approximation. Furthermore, retrieval emissions (4.22 g CO2eq for all 1,000 HotpotQA
instances, Appendix A, Table 2) accounted for a relatively small proportion of total emissions in
large models (e.g., < 1% for Qwen3 GS 4B on HotpotQA) and remained a minority even in smaller
models (e.g., < 13% for Qwen3 GS 1.7B on HotpotQA), suggesting that our overall findings are ro-
bust to this approximation. Nevertheless, future work could further consider retrieval emissions and
explore alternative retrieval methods, such as more-contemporary dense retrieval approaches [e.g.,
18]. Other directions for future work include exploring the energy overhead of chain-of-thought rea-
soning more systematically, as well as the impact of specific software stacks and decoding strategies
[19].
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Appendix A. Tables

Dataset Model Context F1
Output

Tokens (k)
Total

g CO2eq

Inference
g CO2eq

Retrieval
g CO2eq

HotpotQA

1.5B
QO 0.07 328 122.13 122.13 0.00
GS 0.16 607 257.31 253.09 4.22

7B
QO 0.12 468 388.11 388.11 0.00
GS 0.32 643 588.13 583.90 4.22

14B
QO 0.17 449 683.63 683.63 0.00
GS 0.37 451 766.82 762.60 4.22

32B QO 0.18 429 1307.89 1307.89 0.00

NQ

1.5B
QO 0.04 438 178.78 178.78 0.00
FP 0.18 379 164.31 160.09 4.22
GS 0.24 416 183.29 179.06 4.22

7B
QO 0.08 420 363.12 363.12 0.00
FP 0.19 349 316.44 312.22 4.22
GS 0.27 388 359.41 355.18 4.22

14B
QO 0.12 475 733.36 733.36 0.00
FP 0.23 348 556.50 552.28 4.22
GS 0.30 358 591.06 586.84 4.22

32B QO 0.14 434 1332.48 1332.48 0.00

Table 1. Results for all DeepSeek-R1 models and configurations across HotpotQA and NQ. The most
effective (highest F1) QO model on each dataset is shown in italics. RAG methods that achieve equal
or greater effectiveness (F1) with greater efficiency (Total g CO2eq) than the italicized query only
method are shown in boldface.



Dataset Model Context F1
Output

Tokens (k)
Total

g CO2eq

Inference
g CO2eq

Retrieval
g CO2eq

HotpotQA

0.6B
QO 0.12 10 20.88 20.88 0.00
GS 0.18 18 33.59 29.37 4.22

1.7B
QO 0.14 81 53.76 53.76 0.00
GS 0.32 5 32.52 28.30 4.22

4B
QO 0.23 974 580.94 580.94 0.00
GS 0.42 2648 1668.02 1663.80 4.22

8B
QO 0.19 8 19.00 19.00 0.00
GS 0.39 8 49.11 44.89 4.22

14B
QO 0.26 7 20.10 20.10 0.00
GS 0.47 8 56.03 51.81 4.22

32B QO 0.17 26 99.00 99.00 0.00

NQ

0.6B
QO 0.07 98 51.67 51.67 0.00
FP 0.23 50 41.39 37.16 4.22
GS 0.34 13 28.80 24.58 4.22

1.7B
QO 0.13 15 26.31 26.31 0.00
FP 0.32 78 64.85 60.62 4.22
GS 0.46 13 32.20 27.98 4.22

4B
QO 0.24 514 331.93 331.93 0.00
FP 0.36 467 304.13 299.90 4.22
GS 0.53 596 404.34 400.12 4.22

8B
QO 0.17 28 44.45 44.45 0.00
FP 0.34 17 41.52 37.30 4.22
GS 0.48 16 44.28 40.05 4.22

14B
QO 0.18 22 51.51 51.51 0.00
FP 0.33 19 54.35 50.13 4.22
GS 0.45 19 59.43 55.21 4.22

32B QO 0.20 26 99.20 99.20 0.00

Table 2. Results for all Qwen3 models and configurations across HotpotQA and NQ. The most effec-
tive (highest F1) QO model on each dataset is shown in italics. RAG methods that achieve equal or
greater effectiveness (F1) with greater efficiency (Total g CO2eq) than the italicized QO method are
shown in boldface.

Dataset Model Context F1
Output

Tokens (k)
Total

g CO2eq
Inference
g CO2eq

Retrieval
g CO2eq

HotpotQA

1B QO 0.13 4 19.90 19.90 0.00
GS 0.21 8 32.75 28.53 4.22

4B
QO 0.21 5 27.00 27.00 0.00
GS 0.38 5 38.08 33.86 4.22

12B
QO 0.25 5 28.99 28.99 0.00
GS 0.41 4 57.28 53.06 4.22

27B QO 0.06 90 261.75 261.75 0.00

NQ

1B
QO 0.10 6 19.62 19.62 0.00
FP 0.20 6 24.12 19.90 4.22
GS 0.30 7 29.70 25.48 4.22

4B
QO 0.20 115 69.08 69.08 0.00
FP 0.39 9 32.05 27.83 4.22
GS 0.52 9 34.97 30.74 4.22

12B
QO 0.30 8 30.71 30.71 0.00
FP 0.38 8 39.40 35.18 4.22
GS 0.54 10 40.55 36.32 4.22

27B QO 0.08 10 42.98 42.98 0.00

Table 3. Results for all Gemma 3 models and configurations across HotpotQA and NQ. The most
effective (highest F1) QO model on each dataset is shown in italics. RAG methods that achieve equal
or greater effectiveness (F1) with greater efficiency (Total g CO2eq) than the italicized QO method
are shown in boldface.
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