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Abstract
Retrieval-augmented generation (RAG) has recently emerged
as a powerful framework for knowledge-intensive natural lan-
guage processing tasks, which leverages the strengths of both
pre-trained language models and external knowledge. While
significant progress has been made, the scaling behavior of
these approaches during inference remains poorly understood.
Towards this end, this paper presents a comprehensive study
of inference scaling law for RAG models, which investigates
how inference performance scales with respect to key factors
including retriever model scale, generator model scale, num-
ber of retrieved documents, and context window size. Through
extensive experiments on benchmark datasets, we establish
empirical scaling laws that reveal power-law and sigmoid-
type relationships between these factors and performance. We
further build a joint inference scaling law with theoretical jus-
tification. With the proposed scaling laws, we can understand
the performance tendency of RAG models under different
computational resources. We believe our insights can pave the
way for efficient and effective deployment of RAG models in
more applications.

Introduction
Large language models (LLMs) have demonstrated remark-
able capabilities across a wide range of natural language
processing tasks (Brown et al. 2020). Building on this foun-
dation, RAG models have emerged as a powerful paradigm,
which enhances LLMs by seamlessly integrating external
knowledge from a knowledge base (Lewis et al. 2020; Zhou
et al. 2024). By conditioning the generation on retrieved doc-
uments from a knowledge database, RAG models have shown
superior performance in various applications, including ques-
tion answering (Zhou et al. 2025b), dialogue systems (Zhou
et al. 2025d), and content creation (Shi et al. 2023).

In literature, there have been a range of RAG approaches
proposed in recent years (Fan et al. 2024). Generally, RAG
approaches follow two crucial steps, i.e. retrieval and genera-
tion. During retrieval, by comparing the similarity between
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them and the given query these approaches identify the rele-
vant documents, which can be leveraged to expand the input
for knowledge enhancement. During generation, they adopt
LLMs to generate the desirable outputs with the expanded
input in an autoregressive manner. There are also various
advanced RAG approaches which enhance the retrieval pro-
cess through indexing and postprocessing (Yang et al. 2024;
Zamani and Bendersky 2024).

Despite the success of RAG, a principled understanding of
how performance scales with various factors during inference
remains underexplored. Although scaling laws have been ex-
plored thoroughly for LLMs (Xiong et al. 2024; Wang et al.
2024; Kaplan et al. 2020), they are not readily applicable
in RAG models since they involve a complex interaction
between the retriever and the generator, which brings in vari-
ous new factors such as the number of retrieved documents
and context window size. Given that the computational cost
of RAG models is substantial, a comprehensive inference
scaling law is highly anticipated to understand the trade-off
between efficiency and effectiveness.

To bridge this gap, we introduce the first inference scaling
law for RAG models. In particular, our aim is to develop
a quantitative framework to understand how the inference
performance of RAG models is influenced by several key fac-
tors including the retriever model scale, the generator model
scale, the number of retrieved documents, and the context
window size. We conduct extensive experiments by system-
atically varying their factors and measuring the inference
performance on various benchmark datasets. Our empirical
results reveal predictable scaling patterns including power-
law and sigmoid-type relationships between these factors and
RAG performance. On this basis, we develop a joint infer-
ence scaling law, which is justified by theoretical analysis.
The proposed scaling law is also applied to provide insights
into the performance trends of RAG models under varying
computational resources.

Our main contributions can be summarized as follows: ❶
New Perspective. We are the first to study inference scaling
law for retrieval-augmented generation models, which in-
volve the retriever model scale, the generator model scale,
the number of retrieved documents, and the context window
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size. ❷ Experiment Findings. Extensive experiments on sev-
eral benchmark datasets establish inference scaling law that
characterizes the relationship between crucial factors and
model performance. ❸ Applications. We apply our inference
scaling law to different scenarios with varying computational
resources and investigate the performance trends of RAG
models.

Related Work
Scaling Laws in Large Language Models
Scaling laws (Urbizu et al. 2023; Zhuocheng et al. 2023;
Wang et al. 2024; Tay et al. 2023) have significantly im-
pacted the development of large language models (LLMs) by
elucidating the relationship between model size, training data,
and performance (Kaplan et al. 2020; Hoffmann et al. 2022).
These insights have driven the creation of progressively larger
models, like GPT-3 (Brown et al. 2020), PaLM (Chowdhery
et al. 2022), and Gopher (Rae et al. 2021a), leading to sub-
stantial advancements in NLP. Research has also explored
how factors such as model architecture (Rae et al. 2021b),
data quality (Gao et al. 2020), and techniques like Mixture of
Experts (Lepikhin et al. 2020) affect scaling. The exploration
of scaling laws has expanded to multilingual learning (Con-
neau et al. 2020), code generation (Chen et al. 2021), and
multimodal learning (Radford et al. 2021; Zhou et al. 2025a).
As RAG models often use LLMs as their generator, these
scaling laws are crucial for understanding RAG’s inference
performance, particularly regarding generator model size and
its interaction with other scaling dimensions.

Retrieval Augmented Generation (RAG)
RAG models have emerged as a powerful approach for
knowledge-intensive tasks, combining pre-trained language
models with external knowledge retrieval (Zhou et al. 2025c;
Lewis et al. 2020; Guu et al. 2020). RAG models enhance
LLM capabilities by using retrieved documents to improve
accuracy and reliability. (Lewis et al. 2020; Izacard et al.
2022) RAG models often use a retriever to select relevant
documents and a generator to produce the output based on the
query and the retrieved context (Lewis et al. 2020; Guu et al.
2020). Different retrieval (Karpukhin et al. 2020; Luan et al.
2021) and information fusion methods have been explored
(Khattab and Zaharia 2020; Lin et al. 2023). RAG models
have been applied in diverse applications, such as question
answering, dialogue, and text generation (Lewis et al. 2020;
Komeili, Lin, and Ren 2023; Lin et al. 2023; Izacard et al.
2022). However, the scaling behavior of RAG models during
inference still remains largely unexplored.

Resource Allocation for Deep Learning
Efficient computational resource allocation is vital for deep
learning model deployment, affecting both training and infer-
ence (Ji et al. 2024; Yao et al. 2024). Research has addressed
resource allocation through techniques like gradient check-
pointing and distributed training (Jain et al. 2019; NVIDIA
2022), model compression via pruning, quantization, and
knowledge distillation (Verbraeken et al. 2020), and hard-
ware selection for optimized performance (Zhang et al. 2022).

Neural architecture search (NAS) also aims to automate the
design of resource-efficient models (Elsken, Metzen, and Hut-
ter 2019). However, these methods primarily target single-
component models and do not address the unique challenges
of RAG’s dual-component architecture, where resources are
divided between retriever and generator during inference.
This allocation is crucial as it directly affects the trade-off
between retrieval latency, generation latency, and overall
model accuracy. This work aims to partially fill this gap by
investigating resource allocation strategies tailored for RAG
inference.

Methodology
This section outlines the methodology employed to investi-
gate inference scaling law for RAG models. We detail the
problem formulation, the model architecture used, the data
and the evaluation protocol.

Problem Formulation

The core problem addressed in this work is to characterize
the inference scaling laws for RAG models. We aim to under-
stand and quantify how various factors influence RAG model
performance during inference. These factors include the re-
triever model size (Sr), generator model size (Sg), number
of retrieved documents (Nd) and context window size (Cw).
We formulate the problem as:

P = f(Sr, Sg, Nd, Cw), (1)

where P represents a performance metric and f describes
the relationship between these parameters and RAG model
performance. Our goal is to discover and model the form of
f , exploring the individual and combined impacts of these
factors to derive an empirical model capturing the scaling
laws of RAG inference performance.

Model Architecture

Retriever. The retriever encodes queries and documents into
a shared embedding space using a dual-encoder architec-
ture. We use Transformer-based encoders, specifically mod-
els from the BERT and GTR (Ni et al. 2022), with the [CLS]
token embedding used for the representation. We employ
FAISS (Douze et al. 2024) for fast retrieval of the top-K
documents based on the inner product similarity.

Generator. The generator synthesizes the output text from
the query and retrieved documents. We use T5 and OPT
models for the generator. Inputs are concatenated, with the
retrieved documents separated by a special [SEP] token. We
use beam search for decoding.

Model Parameter Settings. We investigate the impact of
model size by using models of different parameter sizes
(BERT-base, BERT-large, GTR-XL, GTR-XXL, T5-small,
T5-base, T5-large, T5-3b, T5-11b, OPT-1.3B, OPT-2.7B,
OPT-6.7B, OPT-13B, OPT-30B). Embedding dimensions are
standardized to 768.
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RAG Model Inference Process. The inference process is
formulated as:

vq = fr(q; θr), (2)
vdi = fr(di; θr), ∀di ∈ C, (3)
D = Top-k(vq, {vdi

}), (4)
y = fg(q,D; θg), (5)

where q is the query, fr is the Retriever, θr are the param-
eters of the retriever, vq is the query embedding, vdi

is the
embedding of document di in corpus C, D is the set of top-k
retrieved documents, fg is the generator, θg are the parame-
ters of generator, and y is the generated text.

Dataset
We use benchmark datasets for knowledge-intensive tasks for
verification, which focus on question answering, including
Natural Questions (NQ) (Kwiatkowski et al. 2019), TriviaQA
(Joshi et al. 2017), WebQuestions (WQ) (Berant et al. 2013),
and FEVER (Thorne et al. 2018). For retrieval, we use the
entire Wikipedia corpus as the document collection. While
the gold documents provided in the datasets are used for
evaluation, the retrieval process is performed over the entire
Wikipedia corpus.

Evaluation Protocol and Experimental Setup
We extensively evaluate RAG models in a zero-shot setting
where neither the retriever nor the generator is fine-tuned on
the downstream tasks. Here, we measure performance on the
held-out test sets of the respective datasets.
Evaluation Metrics. We use the F1 score for question an-
swering and also measure inference latency.
Scaling Dimensions. We investigate the following scaling
dimensions. Retriever model size (Sr): BERT-base (110M),
BERT-large (340M), GTR-XL (1.24B), GTR-XXL (4.8B).
Generator model size (Sg): T5-small (60M), T5-base (220M),
T5-large (770M), T5-3B (3B), T5-11B (11B), OPT-1.3B
(1.3B), OPT-2.7B (2.7B), OPT-6.7B (6.7B), OPT-13B (13B),
OPT-30B (30B). Number of retrieved documents (Nd): 1 to
500. Context window size (Cw): 1 to 2048 tokens.
Experimental Procedure. We vary each dimension while
keeping others fixed. For example, when varying Nd, we fix
the retriever to BERT-base, the generator to T5-11B, and Cw

to 2048.
Hardware and Software. All experiments are conducted on
a server with 2 NVIDIA H100 GPUs. We use PyTorch and
the Hugging Face Transformers library for implementation.
Statistical Significance. We use paired t-tests to test the
statistical significance of observed performance differences
in this work.

Inference Scaling Law for RAG Models
Retriever Model Size Scaling
Here, we investigate the impact of the retriever model size
(Sr) on the inference performance of RAG models in a zero-
shot setting. We conduct comprehensive experiments by vary-
ing the size of the pre-trained retriever model within the same

0 500 100015002000250030003500400045005000
Retriever Model Size (Millions of Parameters)

0.10
0.12
0.14
0.16
0.18
0.20
0.22
0.24
0.26

RA
G

 P
er

fo
rm

an
ce

 (F
1 

Sc
or

e) Retriever Model Scaling

NQ Mean
NQ Std Dev
TriviaQA Mean
TriviaQA Std Dev
WebQuestions Mean
WebQuestions Std Dev
FEVER Mean
FEVER Std Dev

Figure 1: RAG performance with varying retriever model size.
The dashed lines represent the fitted curves with different
datasets.

Dataset A α δη R-squared
NQ 0.284 0.111 0.014 0.999

TriviaQA 0.223 0.187 0.043 0.999
WebQuestions 0.134 0.238 0.115 0.996

FEVER 0.181 0.106 0.137 0.997

Table 1: Fitted parameters of results for retriever model size
scaling.

model family while keeping the generator model and other
parameters fixed.
Experimental Setup. We employ a zero-shot RAG approach,
where neither the retriever nor the generator is fine-tuned
on the downstream tasks. We utilize pre-trained models of
different sizes as retrievers: GTR-base (110M), GTR-Large
(335M), GTR-XL (1.24B), GTR-XXL (4.8B). The generator
is fixed to a pre-trained model T5-11B, the number of re-
trieved documents (Nd) is set to 100, and the context window
size (Cw) is set to 512. For each model and dataset combina-
tion, we perform 50 independent inference runs and report
the mean and standard deviation of the F1 score.
Scaling Law Fitting Results. Figure 1 illustrates the RAG
model performance as a function of the retriever model size.
Based on the experimental results, we fit the following power-
law scaling function to the observed data:

P(Sr) = A(1− S−α
r ) + δη, (6)

where P(Sr) is the RAG performance, Sr is the retriever
model size, and A, α, and δη are the fitted parameters. We
fit the scaling law using the least squares method. The fitting
parameters are summarized in Table 1, and the fitness is indi-
cated by the R-squared value. The fitting results for retriever
model scaling offer several key insights: ❶ The experiments
validate a power-law relationship between the retriever model
size and RAG inference performance. ❷ The scaling curves
also exhibit a saturation trend, indicating diminishing returns
as the retriever model size increases beyond a certain point. ❸
The scaling law parameters vary across datasets, suggesting
that the optimal retriever model size and the scaling behavior
are influenced by dataset characteristics.
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Figure 2: The RAG performance with varying generator
model size.

Dataset C B α R-squared
NQ 0.298 0.294 0.223 0.999

TriviaQA 0.266 0.248 0.159 0.999
WebQuestions 0.362 0.252 0.118 0.999

FEVER 0.468 0.198 0.255 0.997

Table 2: Fitted parameters of results for generator model size
scaling.

Generator Model Size Scaling
We investigate the impact of the generator model size (Sg)
on the inference performance of RAG models. We conduct
experiments by varying the size of the generator model while
keeping the retriever model and other parameters fixed.
Experimental Setup. We also employ a zero-shot RAG ap-
proach. We utilize pre-trained models of different sizes as
generators: OPT-1.3B(1300M), OPT-2.7B (2700M), OPT-
6.7B (6700M), OPT-13B (13000M) and OPT-30B (30000M).
We fix the retriever to BERT-large, and the number of re-
trieved documents (Nd) is set to 50, and the context window
size (Cw) is set to 2048. For each model and dataset combi-
nation, we conduct 50 independent inference runs and report
the mean and standard deviation of the performance metric.
Scaling Law Fitting Results. Figure 2 illustrates the RAG
model performance as a function of the generator model size.
As shown in the figure, the RAG performance increases as
the generator model size increases, with a steep increase at
the beginning and then gradually saturating. Based on the
experimental results, we fit the following power-law scaling
function to the observed data:

P(Sg) = C −BS−α
g , (7)

where P(Sg) is the RAG performance, Sg is the generator
model size, C, B and α are the fitted parameters. The ex-
ponent α governs the rate of performance increase. We fit
the scaling law using the least squares method. The fitting
parameters are summarized in Table 2, and the goodness of fit
is indicated by the R-squared value. The fitting results of gen-
erator model scaling reveal several key insights as follows:
❶ The experiments validate the existence of a power-law
relationship between the generator model size and RAG in-

Dataset A α B δη R-squared
NQ 0.780 0.120 20.000 0.200 0.977

TriviaQA 0.749 0.149 14.999 0.301 0.956
WebQuestions 0.699 0.101 10.001 0.251 0.939

FEVER 0.649 0.079 25.000 0.350 0.968

Table 3: Fitted parameters of results for retrieval document
number scaling.

ference performance. ❷ The performance of RAG models
exhibits substantial and rapid improvement in F1 score with
initial increases in generator model size, highlighting the
high sensitivity of RAG performance to generator size. ❸
The scaling curves demonstrate a clear saturation point, indi-
cating diminishing returns from further increases in generator
model size beyond a certain size. This suggests that simply
scaling up the generator model indefinitely may not be the
most efficient strategy for maximizing RAG performance.

Number of Retrieved Documents Scaling
We investigate the impact of the number of retrieved docu-
ments (Nd) on the inference performance of RAG models in
a zero-shot setting.
Experimental Setup. We employ a zero-shot RAG approach.
In particular, we fix the retriever to BERT-large, the generator
to OPT-30B and set a fixed context window size (Cw) as 512.
We vary the number of retrieved documents (Nd) from 1 to
100. And other parameters fixed.
Scaling Law Fitting Results. As shown in Figure 3, the
RAG performance increases with the number of retrieved
documents initially, but eventually saturates. Based on the
experimental results, we fit the following Sigmoid scaling
function to the observed data:

P(Nd) =
A

1 + e−α(Nd−B)
+ δη, (8)

where P(Nd) is the RAG performance, Nd is the number
of retrieved documents, and A, α, B, and δη are the fitted
parameters. We fit the scaling law using the least squares
method. The fitting parameters are summarized in Table 3,
and the goodness of fit is indicated by the R-squared value.

The fitting results for a number of retrieved document
number scaling reveal the following key insights as: ❶ RAG
inference performance exhibits a clear saturation effect as
the number of retrieved documents increases. ❷ There is
a trade-off between leveraging external knowledge through
more documents and maintaining computational efficiency
in these RAG models.

Context Window Size Scaling
We investigate the impact of the context window size (Cw) on
the inference performance of RAG models in a zero-shot set-
ting. We conduct experiments by varying Cw while keeping
the retriever model, generator model, and number of retrieved
documents fixed.
Experimental Setup. We employ a zero-shot RAG approach.
The retriever is fixed to a pre-trained BERT-large, and the
generator is fixed to T5-11B.
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Figure 3: The RAG performance with a varying number of
retrieved documents. The solid dots represent the data used
for curve fitting, and the dashed lines represent the fitted
curves, each corresponding to different datasets.
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Figure 4: The RAG performance with varying context win-
dow size.

Dataset A α B β δη R-squared
NQ 0.102 0.003 950.967 0.00005 0.232 0.947

TriviaQA 0.186 0.004 1022.12 0.00006 0.296 0.960
WebQuestions 0.210 0.005 710.522 0.00007 0.232 0.935

FEVER 0.101 0.002 998.935 0.00004 0.257 0.951

Table 4: Fitted parameters of results for context window size
scaling.

Scaling Law Fitting Results. The number of retrieved docu-
ments (Nd) is set to 50. Figure 4 illustrates the RAG model
performance as a function of the context window size. As
depicted in the figure, the RAG performance generally in-
creases with Cw initially, but the improvement diminishes
and may eventually saturate or even decrease. Based on the
experimental results, we fit the following scaling function to
the observed data:

P(Cw) =
A

1 + e−α(Cw−B)
e−βCw + δη, (9)

where P(Cw) is the RAG performance, Cw is the context
window size, A, α, B, β and δη are the fitted parameters.

This function combines a sigmoid component, capturing the
initial increase and saturation, with an exponential decay
component (e−βCw ), which accounts for the potential per-
formance decrease at very large context window sizes due
to noise or the generator’s difficulty in handling excessively
long contexts. B represents the inflection point of the sig-
moid, and α controls the steepness of the sigmoid’s rise. β
controls the rate of the exponential decay. We fit the scaling
law using the least squares method. The fitting parameters
are summarized in Table 4, and the goodness of fit is indi-
cated by the R-squared value. The fitting results for context
window size scaling highlight the following key insights: ❶
The RAG inference performance exhibits a non-monotonic
relationship with context window size, initially increasing but
eventually saturating and potentially decreasing at very large
sizes. ❷ There is a need to optimize the context window size,
as excessively large windows do not guarantee better perfor-
mance and can introduce noise or computational overhead. ❸
Increasing context window size involves a trade-off between
leveraging more information and potentially incorporating
irrelevant or noisy content.

Joint Scaling Laws
We investigate the joint influence of retriever model size (Sr),
generator model size (Sg), number of retrieved documents
(Nd), and context window size (Cw) on the RAG model
performance.
Experimental Setup. We conduct experiments by varying
the retriever and generator model sizes, number of retrieved
documents, and context window size simultaneously. Due to
the high dimensionality, we cannot visualize the full scaling
behavior in a single figure. Therefore, we present the results
through a fitted scaling law.
Scaling Law Fitting Results. Based on the experimental re-
sults and our analysis, we propose the following joint scaling
law. First, we define the function as follows:

F(Sr, Sg, Nd, Cw)

= 1 + exp

(
−
[
αr log(Sr) + αg log(Sg)

+ αd
1

1 + e−βd(Nd−Bd)

+ αw
e−βCw

1 + e−βw(Cw−Bw)
−B

])
. (10)

Using this function, we define the joint scaling law as:

P(Sr, Sg, Nd, Cw) =
A

F(Sr, Sg, Nd, Cw)
+ δη, (11)

where P(Sr, Sg, Nd, Cw) is the RAG performance, Sr is the
retriever model size, Sg is the generator model size, Nd is the
number of retrieved documents, Cw is the context window
size and the rest of the parameters are the fitted parameters.
We fit the scaling law using the least squares method. The fit-
ting parameters are summarized in Table 5, and the goodness
of fit is indicated by the R-squared value. The fitted scaling
law provides a way to approximate the RAG model inference
performance considering the joint impact of retriever and
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Dataset A αr αg αd βd Bd αw βw Bw B δη R-squared
NQ 0.750 0.110 0.101 0.187 0.101 20.002 0.198 0.001 999.999 9.999 0.201 0.975

TriviaQA 0.700 0.151 0.121 0.151 0.199 15.001 0.199 0.002 1199.998 15.001 0.301 0.961
WebQuestions 0.649 0.119 0.081 0.100 0.148 10.000 0.102 0.003 799.999 8.000 0.250 0.938

FEVER 0.599 0.081 0.100 0.101 0.100 24.999 0.098 0.0009 1500.001 11.999 0.349 0.952

Table 5: Fitted parameters for joint scaling law.

generator model sizes, the number of retrieved documents,
and the context window size. However, the inherent complex-
ity of RAG models and the various combinations of these
factors may make the fitting results not always reliable.
Theoretical Analysis. In this part, we provide a theoretical
analysis explaining how the joint scaling law preserves the
marginal scaling law effects for each dimension, including
the retriever model size (Sr), the generator model size (Sg),
the number of retrieved documents (Nd), and the context
window size (Cw). The following Theorem 1 demonstrates
that the joint scaling law is a generalization of the marginal
scaling laws and provides a way to predict the RAG model
performance under various configurations.
Theorem 1. When other factors are held constant, our pro-
posed joint model P(Sr, Sg, Nd, Cw) can approximate the
functional form of the corresponding marginal scaling laws.
Specifically, it reproduces the power-law saturation observed
for model sizes Sr, Sg and the sigmoid-type behavior ob-
served for document count Nd and context window size Cw.
Theoretical Justification for Theorem 1. We now provide
a theoretical justification for our joint model by showing
how it approximates the marginal scaling behaviors. Let’s
analyze the case for the retriever size, Sr, while keeping
Sg, Nd, and Cw fixed. The function F(Sr, Sg, Nd, Cw) from
Eq. 10 simplifies to:

F(Sr) = 1+ exp

(
−
[
αr log(Sr)− B̃

])
= 1+ eB̃S−αr

r ,

where B̃ is a constant that absorbs all terms related to the
fixed factors. Let’s define a new constant C = eB̃ . The joint
model then becomes:

P(Sr) =
A

1 + CS−αr
r

+ δη.

Here, we identify the key approximation step. For large val-
ues of Sr (which is the region of interest for scaling laws),
the term CS−αr

r becomes small (≪ 1). We can therefore
apply the first-order Taylor expansion 1/(1 + x) ≈ 1− x for
small x. This yields:

P(Sr) ≈ A(1− CS−αr
r ) + δη = A−ACS−αr

r + δη.

This approximated form now clearly exhibits a power-law
relationship with Sr, consistent with the empirical marginal
law for retriever scaling shown in Eq. 6. It is important to note
that while the functional form is recovered, the parameters are
not identical. For instance, the effective scaling coefficient in
this approximation is a product A · C, where C encapsulates
the influence of all other factors. This demonstrates a key
strength of our joint model: it explicitly accounts for how
the scaling behavior of one component is modulated by the

others. A similar analysis can be applied to show that the joint
model approximates a power-law for Sg and sigmoid-type
behaviors for Nd and Cw, thus justifying its formulation.

Scaling law Application in Computational
Resource Allocation

In this section, we demonstrate how the derived inference
scaling laws can guide the allocation of computational re-
sources in RAG models during inference. Efficient resource
allocation between the retriever and the generator is criti-
cal for maximizing performance under specific latency con-
straints in a zero-shot setting.

Experimental Setup
The computational resource allocation can be set as an opti-
mization problem:

max
Rr,Rg

P(Sr, Sg, Nd, Cw, Rr, Rg), (12)

subject to Rr +Rg = R, (13)

Here, Rr and Rg represent the computational resources allo-
cated to the retriever and generator. We use inference latency
as a proxy for computational resources. Let Tr and Tg be the
inference latencies of the retriever and generator, respectively,
and T be the total latency budget. We need to consider the
following constraints as well:

Tr(Sr, Nd, Rr) + Tg(Sg, Nd, Cw, Rg) ≤ T. (14)

To investigate the impact of resource allocation, we con-
duct experiments where we vary the ratio Rr

R while keeping
the total budget T fixed. We leverage the scaling law re-
lationships established in previous sections to estimate the
performance of the retriever and generator under different
resource allocations. We use the following latency models,
based on our empirical observations and simplifying assump-
tions:

Tr(Sr, Nd, Rr) = κrSrNd/Rr, (15)
Tg(Sg, Nd, Cw, Rg) = κgSgNdCw/Rg, (16)

where κr and κg are constants of proportionality for the
retriever and generator, respectively. Here, these models as-
sume a linear relationship between latency and model size,
the number of retrieved documents, and context window size
for the generator, in comparison with an inverse relationship
with allocated resources.

We use the following configurations for our experiments,
chosen to represent a range of scenarios. Retriever mod-
els are GTR-base (110M), GTR-Large (335M), GTR-XL
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Figure 5: Different budgets in (a) retriever sizes, (b) generator sizes, (c) number of retrieved documents and (d) context window
sizes on the TriviaQA dataset.
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Figure 6: Different resource allocation radio Rr

R in (a) retriever sizes, (b) generator sizes, (c) number of retrieved documents and
(d) context window sizes on the TriviaQA dataset. The larger the resource allocation ratio ↑, the higher the retriever resource
allocation ↑ and the lower the generator resource allocation ↓.

(1.24B), GTR-XXL (4.8B). Generator models are OPT-
1.3B(1300M), OPT-2.7B (2700M), OPT-6.7B (6700M), OPT-
13B (13000M) and OPT-30B (30000M). Number of retrieved
documents are 20, 50, 70 and 100. Context window sizes
(Cw) are 500, 1000, 1500 and 2000. Total latency budget (T )
are 5s, 10s, 20s and 50s.

Results
Figure 5 and Figure 6 (a) (b) (c) (d) explore the impact of
retriever model size, generator model size, retrieval document
number and context window size on budget and resource
allocation, respectively. We have the following observations:
• Model Size:

– Generator over Retriever: With a limited budget, scal-
ing the generator yields more significant and consistent
performance improvements than scaling the retriever.
Therefore, scarce resources should be prioritized for
the generator.

– Mid-sized Retriever is Optimal: The performance
gain from increasing retriever size diminishes, espe-
cially under tight budget constraints. An excessively
large retriever can become a bottleneck, whereas a mid-
sized one offers a better balance between accuracy and
computational efficiency.

• Documents and Context:
– Number of Retrieved Documents: Increasing the

number of retrieved documents shows diminishing re-
turns. A powerful retriever can effectively utilize a

smaller set of documents and maintain robust perfor-
mance.

– Context Window Size: Expanding the context window
is initially beneficial, but an excessively large window
can introduce noise and degrade performance. A strong
generator is better equipped to handle longer contexts,
mitigating these negative effects.

Conclusion

In this work, we conduct a comprehensive investigation of
inference scaling law for RAG models and establish empir-
ical inference scaling law to key factors including retriever
and generator model scales, number of retrieved documents,
and context window size. From the experimental results, we
reveal power-law and sigmoid-type behaviors. This study
lays the foundation for future research into more complex
and dynamic scaling behaviors, ultimately paving the way for
more powerful and efficient knowledge-intensive AI systems.
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