ARCKIVES De5 SUIENCES

A Multidisciplinary Journal

Received: 30 June 2026; Revised: 12 August 2026; Accepted: 14 September 2026; Published: 30 September 2026

Archs Sci. (2026) Volume 76(3), Pages 111-123, Paper ID 2026313.
https://doi.org/10.68304/as/76313

Application of Large Language Models and Natural Language
Generation in Content Creation: A Retrieval-Augmented and
Preference-Aligned Framework

Jian Zhang'?, Yuxuan Zheng?*", Feng Ye!?, Xin Liu® and An Zeng?

!'School of Information Science and Technology, University of Science and Technology of China, Hefei 230000, Anhui, China
2Product R&D Center, Communication Brain Technology (Zhejiang) Co., Ltd., Hangzhou 310000, Zhejiang, China
3School of Computer Science and Technology, East China Normal University, Shanghai 200333, China

Corresponding author: Yuxuan Zheng (e-mail: 1323121 @163.com).

Abstract Large language models (LLMs) have substantially advanced natural language generation (NLG), but high-quality
content creation remains constrained by hallucination, limited controllability, retrieval noise, domain shift, and computational
cost. This study proposes Retrieval-Augmented and Preference-Aligned Generation (RAP-Gen), a unified framework that
integrates retrieval-augmented generation, factual preference alignment, in-context learning, and denoising pre-training. The
framework combines a dense semantic retriever with an encoder—decoder generator, introduces pairwise factual-preference
supervision for controllable generation, aligns retrieval and generation distributions, and uses structured text corruption to
improve robustness to incomplete or noisy inputs. Experiments are reported on summarization, long-form creative writing, and
knowledge-intensive question answering using CNN/DailyMail, WritingPrompts, Natural Questions, and general language-
modeling data. The reported results show that RAP-Gen improves ROUGE, BERTScore, perplexity, FactScore, and human-
rated factuality relative to the baselines listed in the manuscript. Ablation results indicate that removing retrieval, preference
alignment, or denoising degrades performance, supporting the complementary roles of external knowledge, preference signals,
and robust pre-training. Additional analyses examine the number of retrieved documents, attention over retrieved evidence,
robustness under input perturbation, model scaling, and in-context learning. Because the supplied material does not include
raw predictions, code, repeated-run variance, annotator agreement statistics, or complete benchmark configurations, the
numerical results are interpreted as reported experimental outcomes rather than independently reproducible evidence. The
study contributes an integrated design for knowledge-grounded, preference-aware content generation and identifies evaluation
and reproducibility requirements for future work.

Index Terms large language models, natural language generation, retrieval-augmented
generation, preference alignment, in-context learning, factuality, content creation, denois-
ing pre-training

l. Introduction
atural Language Generation (NLG) has shifted from
Nrule-based and statistical pipelines toward large-scale
neural language models built primarily on the Transformer
architecture [1]]. Large autoregressive models have demon-
strated strong zero-shot, one-shot, and few-shot capabilities,
showing that broad pre-training can support task adaptation
without conventional task-specific fine-tuning [2f]. This tran-
sition has enabled rapid expansion of Al-assisted content cre-
ation in summarization, question answering, creative writing,
coding, personalized communication, scientific assistance,
and multimodal applications [3]], [4].
The same capabilities create new reliability problems. A
content-generation system must do more than produce locally
fluent text. In practical applications, the output may need to

be factually grounded, stylistically controlled, attributable to
evidence, robust to incomplete input, adaptable across tasks,
and efficient enough for deployment. These requirements are
particularly important in knowledge-intensive content cre-
ation, where incorrect named entities, dates, quotations, causal
claims, or technical statements can make otherwise fluent
content unusable.

One of the central limitations of LLMs is that much of
their knowledge is represented parametrically. Model param-
eters can encode broad regularities and factual associations,
but they do not provide a transparent or readily updateable
database. Retrieval-Augmented Generation (RAG) addresses
this problem by combining a parametric sequence generator
with non-parametric external memory [5]. Retrieved docu-
ments can supply current or long-tail evidence and can im-
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prove specificity and factual grounding. However, retrieval
also introduces new failure modes: irrelevant passages may
be selected, multiple documents may conflict, and a fluent
generator may still ignore or distort retrieved evidence.

A second line of work concerns alignment. Reinforcement
learning from human feedback (RLHF) demonstrates that
human comparisons can be used to train reward models and
improve the correspondence between model outputs and hu-
man preferences [6]]. Preference signals are therefore a natural
mechanism for controlling generated content. In the present
study, the alignment target is narrowed specifically toward fac-
tual preference: annotators compare alternative statements and
indicate which is more consistent with verifiable information.

A third challenge is hallucination. Hallucination in NLG
refers broadly to generated content that is unsupported by
the source, inconsistent with available evidence, or factu-
ally incorrect despite appearing linguistically plausible. The
phenomenon is well documented across generative tasks
and becomes especially consequential in open-domain and
knowledge-intensive settings [7]]. Factuality research has con-
sequently emphasized retrieval, source attribution, external
verification, and evaluation methods that decompose long-
form text into checkable factual units [8]].

In-context learning (ICL) provides another important capa-
bility. Rather than changing model parameters, ICL conditions
the model on task descriptions and demonstrations placed in
the prompt. Large models can often infer an input—output
pattern from a small number of examples, although perfor-
mance depends strongly on demonstration selection, order,
formatting, and model scale [2f], [9]]. This makes ICL attractive
for content creation because the same base model can adapt to
different styles or tasks with little deployment overhead.

Denoising pre-training provides a complementary robust-
ness mechanism. BART demonstrates that a sequence-to-
sequence model can be trained by corrupting text and learning
to reconstruct the original sequence, using operations such
as text infilling and sentence permutation [10f]. TS similarly
treats a wide range of language problems within a unified text-
to-text transfer-learning framework [11]]. These approaches
motivate the structured corruption component of RAP-Gen.

The present study integrates these ideas into a single archi-
tecture. RAP-Gen combines: (1) dense semantic retrieval for
external knowledge; (2) a factual-preference reward model;
(3) in-context adaptation; (4) a bidirectional encoder and
autoregressive decoder for conditional generation; and (5) de-
noising pre-training for robustness. The study asks four ques-
tions: whether retrieval improves factual coverage; whether
preference alignment increases factual consistency and con-
trollability; whether denoising improves robustness to per-
turbed inputs; and whether the components provide comple-
mentary rather than redundant improvements.

Il. Background and Methodological Foundations

A. Factual Consistency and Preference Annotation
Human preference data can convert a difficult absolute-
scoring task into a more stable pairwise comparison. For a

given topic or context, two candidate outputs are presented to
an annotator, who decides which output is better supported by
available evidence. Pairwise preferences are widely used in
alignment because they simplify the judgment task and can be
converted into a ranking objective [6].

Figure|l|illustrates the factual-preference annotation work-
flow used in the proposed system.

Which sentence is more factually true?

Select an option
Subject  :Hemingway

Sentence A i more
Sentence A: 'The Sun Also Rises" is a novel by this author of "A

Farewell to Arms® Sentence B is more

Sentence B : This author of “The Sun Also Rises was bom in
Havana, Cuba, the son of Spanish immigrants

Both sentencesare 3

Indicate which one of the
following sentences is more
factually true with respect to
the subject. Using the

internet to check whether

Both sentences are
completely untrue

the sentences are true is
encouraged.

Figure 1: Pairwise Factual-Preference Annotation Framework
for Content Generation

For each input z;, the annotation process produces a pre-
ferred response y;” and a less preferred response y; . The
dataset therefore contains triples

(xi7 yj Y )a
with optional associated external evidence /C;,. Annotators
are instructed to consult external sources when the factual
comparison cannot be made reliably from prior knowledge
alone. This requirement is intended to reduce preference labels
based only on stylistic plausibility.

The preference loss is defined as a logistic ranking objec-
tive:

N
1
Epref == _N Zlogo’(ﬂ [R¢(yl+,ccz,lCz) - R¢(yz_ax7alcz)]) 5
1=1
(D

where Ry denotes the learned factual-preference reward and
[ controls the sharpness of the pairwise comparison.
The preference objective is combined with knowledge-
alignment and representation-consistency terms:
N
= Lovet + A Y Dxw(po(z | 1) | go(2 | yi, Ki))

i=1

N
Y W fowinys) — g (Kl -
=1

ﬁprc
2

The KL term encourages compatibility between model-side
and evidence-conditioned latent distributions, while the rep-
resentation term encourages generated semantic features to
remain close to representations derived from external knowl-
edge.

B. In-Context Learning
Figure2]summarizes the relationship between large-scale pre-
training and inference-time in-context adaptation.

During pre-training, the model parameters are optimized
across heterogeneous textual sequences. At inference time, the
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parameters remain fixed while a context Cy supplies examples
or task descriptions. A high-level objective can be written as

(L1 (fo(x;C7))] - 3)

This expression should be interpreted conceptually: pre-
training produces parameters that can support inference-time
adaptation from context. It does not imply that ordinary next-
token pre-training explicitly optimizes a known distribution of
labeled downstream tasks.

min Er7)

Learning via SGD during unsupervised pre-training

Buju.28] X@I00-U|
Bujusea] 1x2300-U|

sequence #1

Figure 2: Relationship Between Pre-Training and In-Context
Learning in Large Language Models

The zero-shot, one-shot, and few-shot settings are com-
pared in Figure[3]

The three settings we explore for in-context learning Traditional fine-tuning {not used for GPT-3}

Zera-shot Fine-tuning
The model predicts the answer given only a natural language

description of the task. No gradient updales are performed,

The medel is Lrained via repeated gradient updales using a
large corpus of example tasks,

Trrmrln EREE G Frme task dascriptan sea ottar <> lautre de mer exampiz £1

cheese == prompt

One-shot peppermint => menthe poivrée exampls #2

In addition 1o the task description, the madel sees a single
example of the task. No gradient updates are perfarmed.

Translale English Lo French: task description

sea otter = lautre de mer example

plush giraffe - nirafe peluche xampiz 2

chease = prompt

Few-shot

In addition to the task description, the madel sees a few chesse == peempt

examples of the task. No gradient updates are performed.

Translate Cnglish to French: sk descripiion

sea ptter == loutre de mer examples

pepperminl == wenlhe puivrée

plush girafe == girafe peluche

chease - prompt

Figure 3: Comparison of In-Context Learning and Gradient-
Based Fine-Tuning

Conditional generation under ICL can be written as

yNPQ(y|'raC)7 “4)

where C contains task instructions and, when available,
demonstrations. Conventional fine-tuning instead updates pa-
rameters:

N
0 = argmeinZE(fg(xi),yi). &)

i=1

ICL therefore trades persistent task-specific parameter updates
for prompt-level adaptation. This can reduce deployment cost
but can also increase sensitivity to prompt design and context
length.

lll. Proposed RAP-Gen Framework
A. Retrieval-Augmented Generation

The overall RAP-Gen architecture is shown in Figure @]
The framework begins by embedding the input query x and
retrieving external evidence before generation.

End-to-End Backprop through q and pa the
Question Answering . the
Question Query / Dc men

Question Answer
Answer Generation

alx) d@ " p—
s 3 Margin- Fact Verification
z] > alize Label Generation

"’"PS";_ — Po —>

rwwr%}r

Jeopardy Question
Generation:
Answer Query

[ \___ %

~—
—_— |

Question Generation

Figure 4: Retrieval-Augmented and Preference-Aligned Con-
tent Generation Framework

Let g(z) denote the query embedding and d(z) the embed-
ding of document 2. A dense retrieval distribution is defined
by
exp (q(z) "d(z))

>o.exp(q(z )Td(Z’))

In practice, exact normalization over a very large collection is
approximated through nearest-neighbor retrieval. The imple-
mentation uses FAISS-style maximum inner-product search;
GPU-accelerated large-scale similarity search provides an ef-
ficient mechanism for this purpose [[12].

Given retrieved candidates Z, the generator marginalizes
over evidence:

py(z | ) = ©)

Zp,,z|xp9 | z, ). @)

z€EZ

ply|z) =

This formulation follows the core RAG principle of com-
bining parametric generation with non-parametric retrieved
memory [5].

B. Preference-Aligned Generation
For the same input x, let ¥ and y~ denote the preferred and

less preferred candidates. Preference alignment uses

=) [logo (Re(y™, 2, 2) — Ry(y ™,

®)
The reward is explicitly oriented toward factual consistency
in this study. This is narrower than general helpfulness or
harmlessness objectives used in instruction-following align-
ment [6].

To reduce mismatch between evidence selection and gener-
ation, the framework includes

Lpret = *E(w,yﬂy*

Latign = Eay [Dxr. (g (2 [ 2) [[po(z [ 2,9))]. 9

113



Zhang et al.: Large Language Models and Natural Language Generation for Content Creation

AQCHIVES DS SUIENCES

A Multidisciplinary Journal

The complete objective is

£(97777¢) = —E

(z,y)~D

log " py(= | @)pa(y | o, z>]

2€EZ

+ Alﬁpref + >\2£align + )\3EJL’,Z |:Hf9($, Z) - g(z)Hg} .
(10)
The first term trains evidence-conditioned generation, the
second introduces preference information, the third aligns
retrieval and generation distributions, and the final term con-

strains semantic representations.

C. Bidirectional Encoding and Autoregressive Decoding
Figure 5| shows the encoder—decoder component.

ABCDE
P4 f4d

E:> Autoregressive
Decoder

Bidirectional
Encoder

TFEFT
A_B_E

[
!

FIirT
<s>ABCD

Figure 5: Bidirectional Encoder and Autoregressive Decoder
Architecture for Content Generation

The bidirectional encoder produces contextual states

h; = [Encoder(xy,x2,...,xy)];, (11)
and the autoregressive decoder factorizes generation as
T
po(y | ,2) = [ po (we | yer, H, 2). (12)

t=1

Retrieved evidence is incorporated into the encoder or decoder
context through attention. The combined representation is
written as
H = Encoder(z, z). (13)
Figure [6] provides a second schematic of conditional se-
quence generation and emphasizes stepwise autoregressive
prediction.

VWXYZ
P4 44d

Bidirectional Autoregressive

Encoder Decoder
Frfft T
ABCDE <s>V WXY

Figure 6: Conditional Sequence Generation With a Bidirec-
tional Encoder and Autoregressive Decoder

With encoder states

H = Encoder(x, z) = {h1,ha,..., hn}, (14)
the sequence probability is
(y | 2) Hpe (Yo | y<i, H). (15)
A reward-weighted distribution can then be written as
By | 7, 2) = Poly | @ 2)exp(afy(y, 2,2)) o

>y Po(y | z,2) exp (aRy (Y, 2, 2))

where « controls the contribution of the factual-preference
reward.

D. Cross-Domain Initialization

Figure[7illustrates a two-stage encoding mechanism in which
an initially untrained projection layer maps non-standard in-
puts into a representation space suitable for a pre-trained
encoder.

ABCDE
REEE

Pre-trained |:> Pre-trained
Encoder Decoder .-
EEEEXY Frret
<s>A B C
Randomly

Initialized Encoder

IEEEE)
a B y o e

Figure 7: Pre-Trained Encoder—Decoder Architecture With
Cross-Domain Initialization decoder architecture with cross-
domain initialization

The initial projection is

h = Erand(u)» (17)
followed by _
H = Epe(h). (18)
The pre-trained decoder then generates
T
po(y | u,2) =[] po (we | yer, H, 2), (19)
t=1
and preference reweighting gives
u, z)exp (aRy(y, u, z
By | u,2) = oy | u, 2) exp (aRy(y, u, 2)) 20)

>y po(y | u,2)exp (aRy(y',u, 2))

The use of a bidirectional encoder with an autoregressive
decoder is consistent with modern denoising sequence-to-
sequence architectures such as BART [10].
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Token Masking

(ATED ) (ABC.0E) (3 ADED

Token Deletion Text Infilling

DE.ABC. C.DE.AB

Sentence Permutation Document Rotation

Figure 8: Denoising Pre-Training With Structured Corruption
Strategies

E. Denoising Pre-Training
The structured corruption process is illustrated in Figure
Given clean text x, a corrupted version is sampled from

where the corruption family includes masking, deletion, text

infilling, sentence permutation, and document-level transfor-
mations. The denoising objective is

Lgenoise = 7Ez~D,5~q(§\m) [logPO (‘T | %)] : (22)
BART provides a direct precedent for this style of sequence-
to-sequence denoising [10]. The retrieval-aware extension
used here is
—E[logpy(z | T, 2))

~ 2
AR [1£0(7,2) — () 3]

This objective combines reconstruction with evidence-
sensitive representation consistency.

Edenoise-aug =

(23)

IV. Experiments
A. Experimental Setup

The experimental design covers summarization, creative
writing, and knowledge-intensive question answering.
CNN/DailyMail is used for summarization; the dataset is
a standard benchmark for abstractive summarization and
was used in prior neural summarization work [13]. Writ-
ingPrompts provides approximately 300,000 prompt—story
pairs and supports long-form story generation [|14f]. Natural
Questions is used for knowledge-intensive question answering
and provides real user queries paired with evidence from
Wikipedia [15]. OpenWebText is used as general language-
modeling data.

The preference component uses pairwise triples (z, 47, 4y7)
derived from the factual annotation protocol. The retrieval
index contains several million documents and is searched
through FAISS-style maximum inner-product search [[12]. The
model is implemented with Transformer-based encoder and
decoder components [ 1[]. The supplied configuration reports a
batch size of 32, a learning rate of 1 x 1075, and training on
one NVIDIA RTX 2080 Ti GPU.

The baselines include GPT-2/GPT-3-style autoregressive
generation, BART [[10], TS [11]], standard RAG [5]], and CTRL
for controllable generation [16]]. These baselines represent
parametric generation, denoising sequence-to-sequence trans-
fer, text-to-text transfer, retrieval augmentation, and condi-
tional control.

B. Evaluation Metrics

Automatic evaluation uses BLEU, ROUGE, perplexity,
BERTScore, and FactScore, while the manuscript also re-
ports human ratings for fluency, coherence, and factuality.
BERTScore evaluates similarity through contextual token rep-
resentations rather than exact lexical overlap [17]]. FactScore
decomposes generated text into atomic factual claims and
evaluates support for those claims, making it relevant to
factual long-form generation [18]].

Human evaluation is reported on five-point scales. For such
ratings to be fully reproducible, future work should state
the number of annotators, recruitment criteria, annotation
instructions, blinding procedure, inter-annotator agreement,
and whether significance testing was performed. These details
are not included in the supplied manuscript.

C. Main Results

Table[T|reports the main comparison.

For summarization, RAP-Gen is reported with BLEU
28.6, ROUGE-1 44.1, ROUGE-2 21.2, ROUGE-L 41.0,
BERTScore 0.902, perplexity 19.8, and FactScore 76.8. Rel-
ative to the RAG row in the same table, the ROUGE-L
difference is 2.8 absolute points and the FactScore difference
is 4.2 points. Human factuality is reported as 4.6/5.

For question answering, RAP-Gen is reported with BLEU
27.9, BERTScore 0.889, perplexity 21.6, and FactScore 75.0.
The RAG row reports FactScore 70.5, giving an absolute dif-
ference of 4.5 points. These differences support the intended
direction of the preference-alignment component, but statisti-
cal significance cannot be established from the aggregate table
alone.

D. Ablation Study

Table 2] reports the ablation configurations.

Removing retrieval reduces QA FactScore from 75.0 to
68.8, an absolute decline of 6.2 points. Removing preference
alignment reduces the reported human factuality rating from
4.6 to 3.3, a decline of 1.3 points. Removing denoising is
evaluated on WritingPrompts and is associated with lower
BLEU, ROUGE-L, BERTScore, and factuality than the full
WritingPrompts configuration. The ablation pattern is consis-
tent with complementary contributions from retrieval, prefer-
ence alignment, and robustness training.

E. Number of Retrieved Documents
Figure [0 examines the effect of the retrieval depth K.

—— RAG-TokR-L
—:= RAG-Tok B-1

——- RAG-SeqR-L
— — RAG-SeqB-1

NQ Exact Match
£

1 —=- RAGSeq
—— RAG-Tok ! —+= Fixed DPR

-== RAG-Seq

NQ Answer Recall @ K
Bleu-1 / Rouge-L score

=
£

BM25

/
!

2

10 20 30 40 50 10 20 30 40 50 10 20 30 40 50
K Retrieved Docs. K Retrieved Docs

Figure 9: Effect of the Number of Retrieved Documents on
Retrieval and Generation Performance
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Table 1: Performance Comparison of Content-Generation Models on Summarization and Question Answering

Model Task BLEU 1 | ROUGE-11 | ROUGE-21 | ROUGE-L 1 | BERTScore T | PPL | | FactScore T | Fluency T | Coherence T | Factuality 1
GPT-2 (Zero-shot) | Summarization | 21.3 34.8 14.2 31.5 0.842 28.5 62.1 3.8 3.6 32

GPT-3 (Few-shot) Summarization | 24.7 38.9 17.5 35.6 0.861 242 66.3 4.2 4.0 3.8

BART Summarization | 25.9 40.2 18.6 36.8 0.874 22.7 68.9 4.3 4.2 4.0

T5 Summarization | 26.4 41.0 19.1 37.5 0.879 21.9 69.5 4.4 4.3 4.1

RAG Summarization | 27.1 423 19.8 382 0.885 21.2 72.6 4.4 4.3 4.2
RAP-Gen (Ours) Summarization | 28.6 44.1 21.2 41.0 0.902 19.8 76.8 4.6 4.5 4.6

GPT-2 (Zero-shot) | QA 19.5 — — — 0.821 30.4 58.7 3.7 35 3.1

GPT-3 (Few-shot) | QA 23.8 — — — 0.846 25.8 63.9 4.1 39 3.6

BART QA 24.6 — — — 0.853 24.1 65.8 4.2 4.0 3.8

TS5 QA 25.1 — — — 0.861 235 67.2 4.3 4.1 4.0

RAG QA 26.3 — — — 0.872 22.8 70.5 4.4 4.2 4.1
RAP-Gen (Ours) QA 27.9 — — — 0.889 21.6 75.0 4.6 4.4 4.6

Table 2: Ablation Study of the RAP-Gen Components

Model Variant Task BLEU T | ROUGE-L1 | BERTScore T | PPL | | FactScore T | Fluency T | Coherence 1 | Factuality T
w/o Retrieval QA 254 — 0.861 239 68.8 4.3 4.1 4.0

w/o Preference QA 26.7 — 0.874 22.5 72.9 4.4 4.2 33

w/o Denoising ‘WritingPrompts | 23.1 34.2 0.852 26.8 71.5 4.1 3.9 3.8

Full Model (RAP-Gen) | QA 27.9 — 0.889 21.6 75.0 4.6 4.4 4.6

Full Model (RAP-Gen) | WritingPrompts | 25.8 38.7 0.901 22.1 76.2 4.6 4.5 4.5

The supplied plot indicates rapid gains at small K followed
by diminishing returns and, for some generation metrics,
slight degradation when too many documents are introduced.
This behavior is plausible because larger retrieval sets in-
crease evidence coverage while also increasing noise and
conflict. Standard RAG similarly distinguishes token-level
and sequence-level evidence use [5]].

The practical implication is that retrieval depth should be
tuned jointly with evidence filtering rather than maximized.
A small set of highly relevant passages may provide stronger
grounding than a large set of weakly relevant documents.

F. Attention Over Retrieved Evidence

Figure [I0] visualizes the contribution of retrieved documents
during generation.

Doc 1+ .
Doc2 4 .
Doc 3
Doc 4
Doc 54
%O% y &\@%&*ng% A %{9@.@\ §§§v& ! ?‘Q@&L‘\&@Yb{;"

Figure 10: Attention Distribution Over Retrieved Documents
During Generation

The heatmap shows non-uniform attention across retrieved
documents and output tokens. Higher attention is concentrated
on evidence that is described as relevant to entity names and
factual fragments. This pattern is consistent with the goal
of evidence-aware generation, but attention weights should
not be interpreted automatically as causal explanations. A
stronger evaluation would compare attention concentration
with independently measured document relevance and factual
support.

G. Robustness to Perturbed Input

Figure[TT|compares model behavior under clean and perturbed
inputs.

eval on only
clean data

20% did better

(Accuracy, F1 or BLEU)

Percent Change in Performance

eval on all data
(including dirty)
did better

®-DROP

100%

Percentage of Data Clean in Dataset

Figure 11: Performance Under Clean and Perturbed Input
Conditions Across Tasks

The reported trend suggests that the denoising and retrieval
components reduce degradation on corrupted inputs. This
interpretation is consistent with the denoising motivation of
BART-style pre-training [10]. The retrieval component may
also compensate for missing or corrupted local context when
the query still retains enough semantic information to locate
useful evidence.

Robustness should nevertheless be reported with explicit
perturbation severity, random seeds, and confidence intervals.
Without these details, Figure [I1] provides comparative evi-
dence but not a complete robustness characterization.

H. Scaling Behavior
Figure [T2] shows the reported relationship among validation
loss, model size, and training compute.

Large neural language models often exhibit approxi-
mate power-law relationships between loss, parameter count,
dataset size, and compute over substantial empirical ranges
[19]. A recent research discusses power laws broadly in math-
ematical modeling and explicitly identifies neural scaling laws
in artificial intelligence as an example of power-law behavior
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[20]. That article is not a language-model scaling study, so it
is used here only as a mathematical-modeling context for the
power-law form, not as evidence for the specific coefficients
shown in Figure[T2]

The figure emphasizes the efficiency problem motivating
RAP-Gen: scaling a parametric model can improve perfor-
mance but increases training and inference cost. Retrieval
and preference alignment seek to improve factual generation
without relying exclusively on parameter growth.

Validation Loss
)
Parameters

[=2.57-C~008
1.5 , 10°

10 0% 107 10° 10 10°
Compute (PetaFLOP/s-days)

Figure 12: Scaling Behavior of Language Models With Re-
spect to Compute and Model Size

I. In-Context Learning and Model Scale

Figure [[3] compares ICL performance across demonstration
counts and model scales.

Zero-shot One-shot Few-shot

175B Params

Natural Language
Prompt

\

Accuracy (%)

1.3B Params

Number of Examples in Context (K)

Figure 13: In-Context Learning Performance With Varying
Numbers of Demonstrations and Model Sizes

The reported trend is consistent with the broad observation
that larger language models display stronger few-shot adapta-
tion [2]]. However, ICL performance is not monotonic in every
task, and it can depend strongly on example selection, prompt
order, label semantics, and context length [9]. The figure
should therefore be interpreted as a task-specific illustration
rather than a universal scaling law.

Figure [T4] shows training and validation loss across model
sizes.

GPT-3 Training Curves

—— Validation Loss 10
—----Train Loss

2.50

o
)
[l
Model Parameters

Cross-Entropy Loss
nats/token, smoothed)

2.00

175
8
1.50 "10
0 50 100 150 200 250 300

Tokens Elapsed
(Billions)

Figure 14: Training and Validation Loss Across Different
Model Scales

The lower loss of larger models is consistent with empirical
scaling studies [19]]. The small reported gap between training
and validation curves is suggestive of limited overfitting in
the illustrated setup, although a full generalization analysis
would require the underlying curves, seeds, and held-out data
definition.

J. SuperGLUE and Multi-Task ICL

Figure T3] presents SuperGLUE performance as a function of
model scale and context demonstrations.

SuperGLUE Performance In-Context Learning on SuperGLUE

—8— Zeroshot buman
—s— One-shot 9 Fine turisd SOTA
Few-shet (K=32)

Few-shot GPT-3 1758

Hurman
90 Fiie turied S0TA

@
2

80
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Figure 15: SuperGLUE Performance as a Function of Model
Size and In-Context Examples

The figure is used to contextualize the role of model scale
in zero-shot, one-shot, and few-shot task adaptation. GPT-
3 established that sufficiently large autoregressive models
can perform a wide range of tasks from natural-language
instructions and demonstrations without conventional fine-
tuning [2]]. The diminishing gains at larger K values in the
figure reinforce the need to select demonstrations carefully
rather than simply increasing prompt length.

Figure [T6 extends the comparison to translation, natural-
language understanding, and structured reasoning.

The reported pattern shows stronger few-shot benefits at
larger model sizes. This supports the use of ICL as the rapid
adaptation component of RAP-Gen, while retrieval supplies
external evidence and preference alignment constrains output
selection.
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K. Integrated Configuration Comparison
Figure summarizes the overall performance trend across

model configurations.
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Figure 17: Overall Comparison Across Model Configurations

The figure presents a progression from a base model toward
configurations that incorporate denoising, ICL, RAG, and
preference alignment. The interpretation is that the compo-
nents operate at different levels: denoising strengthens repre-
sentation robustness, ICL supports inference-time adaptation,
retrieval supplies external knowledge, and preference align-
ment biases generation toward preferred factual behavior. This
modular interpretation is more defensible than attributing all
improvement to a single mechanism.

V. Discussion

The experimental pattern supports the architectural motivation
for RAP-Gen, but several issues require careful interpretation.
First, retrieval improves access to information but does not
guarantee factual correctness. Retrieval can return irrelevant,
outdated, or conflicting passages. A reliable production sys-
tem therefore requires source quality control, retrieval confi-
dence, provenance tracking, and explicit citation or evidence
inspection. The factuality literature increasingly treats ground-
ing and verification as distinct from fluency [[7]], [8]).

Second, preference alignment depends on the quality of
human judgments. If annotators confuse plausibility with
truth, the reward model can reinforce polished misinforma-
tion. The factual preference protocol should therefore report
evidence sources, adjudication procedures, annotator agree-
ment, and policies for ambiguous or time-sensitive claims.
RLHF research demonstrates the utility of preference data but
also makes clear that the model is learning the evaluators’
operationalized preferences rather than an abstract universal
objective [6].

Third, the framework uses several different notions of
“alignment”: retrieval-generation distribution alignment, rep-
resentation alignment with evidence, and human-preference
alignment. These mechanisms should remain conceptually
separate. Distribution alignment constrains model compo-
nents mathematically, while preference alignment supplies a
normative or evaluative signal. Conflating them can make
ablation results difficult to interpret.

Fourth, the computational-cost argument should be tested
directly. Retrieval adds index construction, embedding,
search, and context-processing costs. Preference modeling
adds reward-model training or scoring. RAP-Gen can be more
parameter-efficient than scaling the base model, but that does
not automatically imply lower total system cost. Future work
should report latency, memory consumption, index size, re-
trieval throughput, token overhead, and energy consumption.

Fifth, the reported numerical results require stronger re-
producibility support. The manuscript gives a batch size and
learning rate, but does not provide complete architecture
sizes, retriever checkpoints, optimizer parameters, number of
epochs, decoding strategy, beam size, random seeds, prompt
templates, preference-dataset size, annotator count, or statisti-
cal uncertainty. These details are necessary before the claimed
improvements can be independently reproduced.

The framework is nevertheless conceptually useful for con-
tent creation because it addresses four distinct failure modes.
Retrieval addresses missing or stale parametric knowledge;
ICL addresses rapid task adaptation; denoising addresses in-
put corruption; and preference alignment addresses output
selection according to human judgments. The strongest future
version of RAP-Gen would treat these components as inde-
pendently measurable subsystems and report both quality and
cost.

A. Additional Reproducibility and Deployment
Considerations

A production-oriented evaluation should distinguish offline
benchmark performance from live-system behavior. Retrieval
latency depends on index size, embedding dimensionality,
hardware, approximate-nearest-neighbor parameters, and the
number of retrieved passages. Generation latency depends
on model size, context length, decoding strategy, and output
length. Human-preference scoring introduces additional cost
when a separate reward model is used at inference time. These
components should therefore be benchmarked separately be-
fore reporting an end-to-end efficiency advantage.
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The retrieval corpus also requires version control. If docu-
ments change between training and evaluation, the same query
may produce different evidence and different output. Repro-
ducibility therefore requires recording the document snapshot,
encoder checkpoint, index parameters, and retrieval depth. For
time-sensitive content creation, corpus freshness becomes part
of model quality rather than a simple infrastructure detail.

Preference data require equally careful documentation. An-
notators should receive a written definition of factual con-
sistency, instructions for uncertain cases, and a method for
consulting authoritative evidence. Agreement should be mea-
sured before using labels to train a reward model. Cases in-
volving disputed claims, rapidly changing facts, or ambiguous
wording may require adjudication rather than simple majority
voting.

Finally, factuality metrics should be triangulated. Lexical-
overlap scores such as BLEU and ROUGE primarily measure
surface similarity and do not directly establish truthfulness.
BERTScore improves semantic similarity measurement, while
FactScore is more explicitly oriented toward factual precision.
Human verification remains important for claims that cannot
be resolved reliably by automatic metrics. A strong evaluation
should therefore report language quality, semantic similarity,
evidence support, and human factuality as distinct outcomes.

B. Implications for Practical Content-Creation Systems

The proposed architecture has implications for several classes
of content-creation applications. In automated news drafting,
the retrieval component can supply current facts, names, dates,
numerical values, and source material that may not be reliably
represented in the model parameters. Preference alignment
can then be used to discourage unsupported elaboration and
favor outputs that remain close to retrieved evidence. In such a
setting, the system should preserve provenance at the sentence
or claim level so that editors can inspect which retrieved
passages influenced the generated text. This requirement is es-
pecially important because factual correctness in news cannot
be inferred from fluency alone.

In intelligent customer service, retrieval can connect gener-
ation to product manuals, policy documents, frequently asked
questions, and account-independent service rules. Preference
signals can encode requirements such as directness, polite-
ness, factual restraint, and escalation when the available ev-
idence is insufficient. The role of RAP-Gen in this context
is therefore not simply to produce more natural language,
but to mediate between a dynamic document collection and
a conversational interface. Retrieval confidence should be
exposed to the downstream system so that uncertain queries
can be transferred to a human agent rather than answered
speculatively.

Adpvertising and marketing copy represent a different con-
trol problem. Here factuality remains important, particularly
for product claims, prices, or regulatory statements, but stylis-
tic control also becomes central. In-context demonstrations
can define tone, vocabulary, audience, length, and brand voice
without requiring a separate fine-tuned model for every cam-

paign. Preference alignment can be extended from factual-
ity to multi-dimensional rewards covering style consistency,
prohibited claims, and brand constraints. However, reward
dimensions should be reported separately because a single
scalar reward may conceal trade-offs between factual accuracy
and stylistic attractiveness.

Academic and technical writing assistance creates an even
stricter evidence requirement. Retrieval should favor primary
literature, authoritative databases, or documents supplied by
the user. The generator should distinguish retrieved statements
from its own synthesis and should avoid inventing biblio-
graphic metadata. The factual-preference framework could be
extended by asking annotators to judge whether individual
technical claims are entailed by cited evidence. Such claim-
level grounding would make the framework more useful for
scholarly writing than a generic preference score.

Creative writing presents the opposite challenge: factual
grounding may be less important than narrative coherence,
originality, and adherence to a prompt. WritingPrompts is
included in the experiments precisely because it tests longer-
form generation where retrieval is not always necessary. In
this domain, the retrieval module can be disabled or repur-
posed to retrieve stylistic examples, world-building notes, or
user-provided canon. Preference alignment can then represent
narrative constraints rather than factual truth. This illustrates
an important design principle: RAP-Gen is best viewed as
a modular framework whose reward and retrieval objectives
should be adapted to the content-creation task.

C. Retrieval Quality, Evidence Selection, and Noise

The quality of retrieval is a major determinant of downstream
generation. Dense retrieval maps a query and documents into
a shared vector space and selects documents with high similar-
ity. This approach is effective when semantic correspondence
is not captured by exact lexical overlap, but it can also retrieve
documents that are topically similar while failing to answer
the specific question. A robust system should therefore mea-
sure not only retrieval recall but also evidence precision.

The retrieval-depth experiment in Figure [9] is consistent
with this trade-off. Small values of K may omit useful evi-
dence, whereas very large values of K increase the probability
of redundant, weakly relevant, or contradictory material. The
resulting context can exceed the generator’s ability to distin-
guish central evidence from distractors. Preference alignment
may reduce some downstream errors, but it cannot fully repair
a retrieval stage that consistently omits the correct evidence.

A practical implementation can introduce a second-stage
reranker after approximate nearest-neighbor search. The first-
stage retriever maximizes recall by returning a moderately
large candidate set. A cross-encoder or task-specific reranker
then scores query—document pairs more precisely and reduces
the final context set. Document-level filtering can also remove
duplicate passages, low-quality sources, and content that fails
freshness or authority criteria. These operations would make
the retrieval component more selective than the single distri-
bution in Equation [6] suggests.
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Evidence conflict requires a separate strategy. Two highly
ranked documents may disagree because one is outdated,
because sources use different definitions, or because the un-
derlying issue is genuinely contested. The generator should
not collapse such evidence into a single unsupported assertion.
One option is to detect contradiction before generation and
explicitly represent the disagreement in the prompt. Another
is to condition the generator on source metadata such as
publication date, authority, or document type. For high-stakes
use, conflicting evidence should trigger abstention or human
review.

Retrieval evaluation should also be task-specific. For Natu-
ral Questions, answer recall and exact match are natural met-
rics. For summarization, the relevant question is whether re-
trieved material supplies evidence that supports the summary
rather than merely overlapping with the input. For creative
writing, retrieval relevance may concern thematic or stylistic
compatibility. A single retrieval metric is therefore unlikely
to characterize the framework adequately across all content-
creation tasks.

D. Preference Modeling and Human Annotation Quality

The factual-preference component is conceptually central be-
cause it supplies a human judgment signal that is not avail-
able from maximum-likelihood training alone. However, the
quality of a reward model depends directly on the annotation
process. Pairwise comparison reduces cognitive burden, but
factuality can still be difficult to judge when statements con-
tain multiple claims or when the evidence is incomplete.

The annotation interface in Figure [T] should therefore be
accompanied by a formal protocol. Annotators should be
instructed to separate factual correctness from writing quality.
A grammatically polished response should not be preferred if
it contains unsupported facts, and an awkward but factually
correct response should not be downgraded solely because
of style. If both candidate responses are partially correct, the
task should allow an “uncertain” or “mixed” label rather than
forcing a binary judgment.

Complex outputs can be decomposed into atomic claims
before preference labeling. This would align the annotation
process more closely with claim-level factuality evaluation.
For example, a generated paragraph about a historical figure
may contain separate claims about birth date, publications,
awards, and relationships. A pairwise paragraph-level pref-
erence can hide the fact that each candidate is correct on
different subsets of these claims. Atomic verification would
provide a more informative supervision signal.

The annotator pool also matters. General factual questions
may be evaluated by trained non-specialists using reliable
sources, whereas scientific, legal, medical, or financial content
may require domain expertise. The manuscript should there-
fore avoid presenting “human preference” as a homogeneous
ground truth. It is a measured judgment produced under a
particular annotation protocol.

Reward models can also overfit annotation artifacts. If pre-
ferred responses are consistently longer, more formal, or more

heavily hedged, the reward model may learn those superficial
correlates rather than factuality. Balanced candidate construc-
tion and adversarial validation are useful defenses. A strong
evaluation would test whether the reward model continues to
prefer factual outputs when length, tone, and formatting are
controlled.

E. In-Context Learning as a Control Mechanism

ICL is used in RAP-Gen as an inference-time adaptation
mechanism. This choice has practical advantages because
task-specific behavior can be modified without storing sepa-
rate model checkpoints. A content-creation system can there-
fore support multiple styles, output schemas, and editorial
policies using demonstrations.

The effectiveness of ICL depends on example quality. A
few high-quality demonstrations that clearly represent the
desired mapping may be more useful than a larger number
of noisy examples. Demonstrations should be selected for
relevance to the current input, especially when the task has
heterogeneous subtypes. Retrieval itself can be used to select
demonstrations from a library of validated examples.

Ordering effects are another concern. Large language mod-
els can be sensitive to the order in which demonstrations are
presented. The first or last examples may receive dispropor-
tionate influence, and label distributions within the context can
alter predictions. Reproducible experiments should therefore
report the demonstration-selection algorithm and ordering
rule.

ICL also competes with retrieved evidence for context-
window capacity. A prompt containing many demonstrations
leaves less space for retrieved documents and the generated
output. RAP-Gen therefore requires a context-budget policy
that balances examples, evidence, instructions, and user input.
Dynamic allocation is preferable to a fixed prompt template
because different tasks require different amounts of evidence.

The scaling figures in the manuscript suggest that larger
models benefit more strongly from few-shot demonstrations.
This is consistent with the original GPT-3 observations, but
it should not be interpreted as proof that a larger model
is always the most efficient choice. A smaller model with
targeted retrieval and a carefully designed prompt may achieve
adequate performance at substantially lower computational
cost. This is precisely the system-level trade-off that motivates
combining parametric and non-parametric resources.

F. Denoising and Robustness Beyond Synthetic
Corruption
Structured denoising is intended to improve robustness to
incomplete or perturbed input. Token masking, deletion, span
infilling, sentence permutation, and document rotation create
controlled noise during training. These corruptions encourage
the model to reconstruct semantic structure rather than mem-
orize exact surface sequences.

Real deployment noise can differ substantially from syn-
thetic corruption. User prompts may contain typographical
errors, copied fragments, contradictory instructions, truncated
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documents, multilingual code-switching, OCR errors, or mal-
formed structured data. A robust evaluation should therefore
include naturally occurring noise in addition to artificial per-
turbations.

Retrieval can help in some noisy conditions because a
partially corrupted query may still contain enough semantic
information to identify relevant documents. In other cases,
noise can cause the retriever to fail before the generator has
a chance to use external evidence. Query rewriting or robust
query encoding may therefore be necessary. One extension
would generate several normalized query candidates and ag-
gregate retrieval results before reranking.

Robustness also includes adversarial behavior. A retrieved
document can contain misleading instructions or prompt-
injection text, especially when the corpus includes web con-
tent. A production RAG system should treat retrieved text as
data rather than executable instructions. Filtering, source al-
lowlists, structured prompting, and separation between control
instructions and retrieved evidence are important engineering
safeguards.

G. Interpreting the Reported Evaluation Metrics

The experimental section reports a large collection of auto-
matic and human metrics. Each metric captures a different
aspect of quality and has limitations. BLEU and ROUGE
are reference-based overlap metrics. They can reward lexical
correspondence but may penalize valid paraphrases. High
overlap also does not guarantee factual correctness.

BERTScore addresses some of these limitations by com-
paring contextual token representations, which allows seman-
tically similar paraphrases to receive higher scores than exact-
match metrics would assign [[17]. Nevertheless, semantic sim-
ilarity remains distinct from factual support. A generated
statement can be semantically similar to a reference and still
contain an incorrect number or named entity.

Perplexity measures how well a model predicts a sequence
under its probability distribution. Lower perplexity can reflect
better language modeling, but it does not directly measure use-
fulness, factuality, or adherence to instructions. Comparisons
are also difficult when tokenizers or model vocabularies differ.

FactScore is more closely aligned with the central claim
of RAP-Gen because it focuses on atomic factual precision
[L8]]. Even so, factuality measurement depends on the quality
of the knowledge source and the accuracy of the evaluator
used to verify claims. Human review remains important for
ambiguous or domain-specific statements.

The manuscript also reports fluency, coherence, and factu-
ality ratings. These dimensions should be analyzed separately
rather than averaged into one human score. A system can
be fluent but factually weak, or factual but stylistically poor.
Reporting the dimensions independently makes the trade-offs
visible.

H. System Efficiency and the Limits of Model Scaling

Figures [[2HI6] emphasize model scale, compute, and ICL.
Scaling laws demonstrate that increasing parameters, data, and

compute can reduce language-model loss over broad empirical
ranges [19]]. The related discussion of power laws provides a
broader mathematical perspective on this functional behavior
[20].

However, end-to-end content-generation efficiency depends
on more than base-model size. Retrieval adds document en-
coding, index memory, nearest-neighbor search, and addi-
tional context tokens. Preference alignment may require a
reward model or rejection-sampling stage. Long retrieved
contexts increase attention cost. A fair comparison between
RAP-Gen and a larger parametric model should therefore
report total inference latency and hardware consumption.

Caching can reduce retrieval cost when many requests
concern similar topics. Document embeddings can be com-
puted offline, and frequently retrieved passages can remain
in high-speed storage. Query embeddings and retrieval results
can also be cached under appropriate privacy controls. These
engineering choices may make a retrieval-augmented system
more efficient than its conceptual architecture suggests.

A system may also route requests among models of dif-
ferent sizes. Simple requests can be answered by a smaller
model, while complex or uncertain cases are escalated. Re-
trieval confidence, estimated task difficulty, and factual-risk
level can inform this routing. Such adaptive computation
is a promising direction for reducing average cost without
reducing reliability.

I. Reproducibility and Experimental Validity

The supplied manuscript reports extensive numerical results
but does not provide the full information needed for indepen-
dent reproduction. This is the most important limitation of the
current experimental presentation.

For model training, the final paper should report the exact
base checkpoints, parameter counts, tokenizer, maximum se-
quence lengths, optimizer, learning-rate schedule, number of
epochs or update steps, gradient accumulation, weight decay,
dropout, warm-up strategy, mixed-precision configuration,
and random seeds. “Transformer-based” is not sufficiently
specific because architectures can differ substantially.

For retrieval, the document corpus should be identified
precisely. The phrase “several million documents” should be
replaced with an exact count, source, snapshot date, segmen-
tation policy, embedding model, index type, similarity metric,
and FAISS configuration. Retrieval metrics should be reported
independently of generation metrics.

For the preference dataset, the manuscript should state
the number of prompts, number of pairwise comparisons,
number and qualifications of annotators, annotation interface,
external evidence policy, disagreement resolution method, and
train/validation/test split. Inter-annotator agreement should be
reported.

For human evaluation, the sampling method for outputs
should be documented. If the same annotators who created
preference data evaluate the final model, this potential depen-
dency should be disclosed. Statistical uncertainty should be
reported for both automatic and human metrics.
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For ablation experiments, only one component should be
changed at a time while all other settings remain fixed. The
current table largely follows this logic, but detailed configu-
rations are necessary to confirm comparability. Repeated runs
would allow mean and standard deviation to be reported rather
than single values.

J. Limitations and Future Research

RAP-Gen integrates several well-established ideas, so novelty
should be framed at the level of system integration and factual-
preference design rather than implying that retrieval, ICL,
denoising, or human-feedback alignment are individually new.
RAG originates in prior retrieval-augmented generation work
[5]; RLHF is established in instruction-following alignment
[6]; ICL is a central property of large autoregressive models
[2]; and denoising sequence-to-sequence pre-training is estab-
lished by BART and related models [10]. The manuscript’s
contribution is the proposed coordination of these mechanisms
for content creation.

A second limitation is evaluation breadth. Summarization,
QA, and WritingPrompts cover useful but incomplete aspects
of content creation. Future evaluation should include citation-
grounded writing, multi-document synthesis, long-form report
generation, dialogue, domain-specific technical writing, and
time-sensitive factual tasks.

A third limitation is multilinguality. Many production con-
tent systems operate across languages, but the current exper-
iments are predominantly English-centered. Retrieval quality,
factuality evaluation, tokenization, and preference annotation
can all vary by language. Multilingual retrieval and cross-
lingual evidence alignment should therefore be tested explic-
itly.

A fourth limitation is temporal knowledge. Retrieval is
especially valuable when facts change after pre-training, but
the experiments do not isolate temporal updating as a variable.
A future benchmark could contain questions whose answers
change over time and evaluate whether refreshed retrieval
indexes improve accuracy without retraining the base model.

Finally, deployment requires governance. Content-generation
systems should log evidence, model versions, retrieval results,
and human overrides. High-risk domains may require manda-
tory source display or human approval. Preference alignment
can improve average behavior, but it does not eliminate the
need for accountable review processes.

VI. Conclusion
This study presents RAP-Gen, a unified content-generation
framework integrating retrieval-augmented generation, factual
preference alignment, in-context learning, and denoising pre-
training. The framework uses external evidence to comple-
ment parametric knowledge, pairwise preference supervision
to guide factual output selection, contextual demonstrations
to support rapid task adaptation, and structured corruption to
improve robustness.

The reported summarization and question-answering re-
sults show higher automatic and human-evaluation scores

for RAP-Gen than for the listed baselines. Ablation results
indicate that retrieval, preference alignment, and denoising
each contribute to the final performance. Additional analy-
ses illustrate retrieval-depth trade-offs, non-uniform attention
over evidence, robustness under perturbation, language-model
scaling, and in-context learning behavior.

At the same time, the results should be interpreted within
the limits of the supplied evidence. The manuscript does not
provide raw generations, code, complete configuration files,
repeated-run uncertainty, or full annotation documentation.
Future work should release these materials, evaluate retrieval
faithfulness directly, compare preference methods under con-
trolled conditions, and report total system cost alongside gen-
eration quality.

For practical content creation, the central implication is
that model scale alone is not sufficient. Reliable generation
requires access to external evidence, explicit mechanisms for
selecting among outputs, robust representations, and trans-
parent evaluation of factual support. RAP-Gen provides one
integrated design for combining these capabilities.
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