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ABSTRACT

Social media has become a critical domain for strategic communication, influencing public
perception and supporting both civil and military operations. In high-tempo information
environments, traditional manual content creation is often too slow and resource-intensive to meet
the demands of real-time engagement. While large language models (LLMs) such as GPT-4 offer
the capability to generate human-like text at scale, their reliance on static training data limits their
contextual relevance, factual accuracy, and responsiveness to evolving mission needs. To overcome
these limitations, this paper introduces Social-DeepWriter, an Al-enabled framework for the
automatic generation of mission-aligned social media content. Built upon the Deep Research
paradigm, Social-DeepWriter enhances traditional Retrieval-Augmented Generation (RAG) by
incorporating iterative query refinement, multi-hop retrieval, and content evaluation, mirroring the
layered reasoning of human analysts. We evaluate how factors such as retrieval quality, prompt
design, and generation constraints influence the informativeness, coherence, and strategic fit of
generated posts. Our findings highlight the potential of Social-DeepWriter to support dual-use
communication scenarios, including military public affairs, psychological operations, and rapid-
response campaigns, where accuracy, adaptability, and scalability are essential.

Keywords: Social media content generation; Large language models; Retrieval-augmented generation; Deep research;
Al for public affairs.

1. INTRODUCTION

Social media has become a strategic communication battlefield, influencing public perception,
shaping narratives, and supporting both civil and military operations. In modern information
environments, speed, accuracy, and adaptability in content generation are essential. Manual
content creation, while precise, is inherently slow and resource-intensive, posing limitations during
high-tempo information campaigns or crisis response scenarios [1].

Recent breakthroughs in natural language processing (NLP), particularly large language models
(LLMs) such as GPT-4, have enabled the automatic generation of fluent, human-like text [2].
However, these models are fundamentally limited by their static training data, which often renders
them outdated, hallucination-prone, or context-insensitive in real-world applications [3].

This is a critical drawback in operational contexts where content must reflect current facts,
mission objectives, and rapidly evolving information.

To address this, Retrieval Augmented Generation (RAG) technology, a class of Al systems that
augment generation with live document retrieval, has emerged [4]. Traditional RAG systems
retrieve documents once based on a static query and immediately generate a response. Although
this approach helps reduce hallucination to some extent, it often struggles to retrieve sufficiently
comprehensive information for queries or topics that require in-depth, multi-hop research. In such
cases, a single-pass retrieval is inadequate, especially when the initial query fails to capture the
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full scope of the information needed. Deep Research [5] extends the RAG framework by
incorporating iterative querying, result evaluation, and refinement. The system actively assesses
whether the retrieved documents sufficiently address the query. If not, it reformulates the query,
searches again, or narrows its focus, emulating how human analysts conduct layered research. This
enables the generation of responses that are not only coherent and factually grounded but also
contextually complete and aligned with the information objectives of the task.

Based on the Deep Research idea, this paper proposes a Deep Writer that enables an Al
framework for automatically generating social media posts aligned with mission goals. The system
integrates five components: (1) topic-based query decomposition, (2) document retrieval from
trusted sources, (3) summarization and alignment to communication intent, (4) evaluation of
whether sufficient information is provided and (5) post-generation in social media format. We
investigate how variables such as retrieval quality, prompt engineering, and generation constraints
affect the informativeness, coherence, and strategic fit of the generated posts.

Our findings aim to contribute to dual-use communication technologies, offering potential
applications in military public affairs, psychological operations, and rapid-response information
campaigns, where autonomy, scalability, and message accuracy are mission-critical. Our research
paper is organized into four sections: (1) Introduction: In this section, we cover current technologies
and approaches, along with their characteristics and limitations. (2) Methodology: We provide a
detailed description of our proposed model and solution. (3) Experiments: We conduct experiments
to compare the results of our solution against current solutions. Additionally, we perform analyses
on various aspects to highlight the significance of our research findings. (4) Conclusion: We
summarize the main results of the study and discuss several directions for future research.

2. METHODOLOGY

2.1. Social-DeepWriter framework architecture

Figure 1 illustrates the system architecture of the proposed framework. Specifically, the core
idea is to extend traditional RAG systems with an iterative process through multi-stage processing
and reflective evaluation. The system architecture consists of six interconnected components that
work synergistically to produce contextually relevant and strategically aligned social media content.

Let Q, represent the initial user query, D denote the corpus of retrievable documents, and P be
the final generated social media post. The Social-DeepWriter framework can be formally defined as:

P = f{Social—DeepWriter} (QO' D) (D
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Figure 1. The overview architecture of Social-Deep Writer, which includes five main sequence
components, including query decomposition, document retrieval and ranking, summarization,
long-term memory update, reflection and finalization.
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2.2. Query decomposition

Social-DeepWriter begins by decomposing a complex input query into a set of focused sub-
queries. This step is critical for ensuring comprehensive coverage when addressing multifaceted
topics. Decomposing such queries improves retrieval precision and recall by targeting specific
dimensions of the broader research question.

Inspired by the works in multi-hop QA systems [6, 7], the query decomposition module
transforms a complex input query Q, into a set of focused sub-queries Q = {q4,q3, ..., qn} tO
ensure comprehensive information coverage. This decomposition follows a hierarchical approach
that identifies the key information dimensions within the original query. Given an input query Q,,
the decomposition function is defined as:

Q = Decompose(Qo) = {qi}i=1 )
where each sub-query g; addresses a specific aspect of Q. The decomposition leverages a prompt-
based approach using the LLM model:

q; = LLM (promptdecomp, Qo, contexti) 3)
2.3. Document retrieval and ranking

For each sub-query g; € Q, the system retrieves relevant documents from trusted sources using
a hybrid retrieval approach combining semantic similarity and keyword matching:

R; = Retrieve(q;, D, k) = d;1,d;5, .., d;x 4)
where R; represents the top-k retrieved documents for the query g;, ranked by relevance score:
score (d' Qi) = a * SiMsemantic (d' qi) + :8 : Simkeyword (d' CIL') (5)

Parameters a and B weight semantic similarity and keyword matching, respectively, where o +
B = 1. The semantic similarity is computed using pre-trained embeddings [8].

2.4. Summarization

Retrieved documents are processed through an extractive-abstractive summarization pipeline
to distill relevant information while preserving factual accuracy and strategic alignment [9].
Specifically, this module reduces token overhead, facilitates cross-document comparison, and
improves the clarity and granularity of information stored in memory.

For each document set R;, the summarization function produces condensed knowledge by
employing a prompt-based LLM to generate the coherent summary:

s; = LLM (promptsymm, qi, R;) (6)
2.5. Long-term memory update

The long-term memory module M maintains a persistent knowledge base that accumulates
information across iterations. The summarized knowledge is stored in a long-term memory module
that persistently accumulates information across iterations. This memory plays a central role in
enabling Social-DeepWriter to reason over multiple sub-queries, integrate distributed facts, and
build context-aware outputs using prompting-based LLM. For each sub-query gq; € Q, the
corresponding summary s; is integrated into M using a structured update mechanism. The update
function is defined as:

M; = Update (M;_4,s;, q;, metadata;) (7)
where M, represents the memory state at iteration t, s; is the summarized content from the
document set R;, and metadata; includes contextual attributes such as query relevance, source

credibility, and timestamp. The update process employs a prompt-based LLM to ensure that new
information is coherently merged, avoiding redundancy and preserving factual consistency:

M; = LLM(promptmem, M;_4, s;, qi) (8)
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This approach draws inspiration from memory-augmented architectures [10], enabling the
system to retain and synthesize distributed facts across multiple sub-queries. The memory module
supports reasoning by providing a global context, reducing redundant retrievals, and facilitating
cross-query integration. The design mirrors episodic memory systems in reflective agents,
ensuring that the accumulated knowledge remains accessible for subsequent reflection and
content generation.

2.6. Reflection and finalization

The reflection module evaluates the sufficiency of the accumulated knowledge in M to address
the original query Q,, employing metacognitive reasoning to assess completeness and relevance.
Using a prompt-based LLM, the system analyzes the memory state:

Evalseore = LLM(promptrejlect' My, QO) )

where Evalg.,. quantifies the coverage, factual accuracy, and strategic alignment of the stored
information. If gaps are detected (e.g., incomplete sub-topic coverage or missing evidence), the
system generates refined sub-queries g; to re-enter the query-retrieve—summarize cycle:

Q' = LLM(promptrefine: My, QO) (10)

This iterative process continues until Evals.,,. €xceeds a predefined threshold, ensuring
comprehensive and mission-aligned content. Upon satisfaction, the finalization step synthesizes
the memory contents into a coherent social media post P:

P = LLM(promptsinaiizer My, Qo, constraint) (11)

where constraints include platform-specific requirements (e.g., token limits). This reflective and
iterative approach ensures that the generated content is factually grounded, contextually complete,
and strategically aligned with the mission objectives. This reflection module operationalizes
metacognitive reasoning [11], allowing the system to identify its own limitations and take
corrective actions.

3. EXPERIMENTS

3.1. Experiment setup

Dataset: The experiments were conducted using a corpus of 16,000 Vietnamese documents
spanning six domains: Economy, Politics, Health, Travel, Life, and Technology, to ensure broader
coverage of real-world social media contexts. The dataset was curated from trusted sources,
including news archives, government publications, and verified social media posts, ensuring high-
quality and diverse content for retrieval. We evaluated the Social-DeepWriter framework against
baseline models, including traditional Retrieval-Augmented Generation (RAG) systems across
various LLMs size such as Qwen3-8b, Qwen3-14b, and Qwen3-32b. Two retrieval methods were
tested: BM25 (keyword-based) and BGE (embedding-based) for document ranking

Evaluation metrics: We assessed the generated social media posts across five dimensions—
Consistency, Coherence, Relevance, Fluency, and Depth, using a 1-5 scale. Evaluations were
performed by both an LLM (Gemini 2.5 Flash) and a panel of human annotators with expertise in
social media communication and strategic messaging.

3.2. Main results

Table 1 presents the overall performance of Social-DeepWriter compared to baselines,
evaluated by the LLM (Gemini 2.5 Flash). Social-DeepWriter consistently outperformed
traditional RAG and standalone LLMs across all model sizes and retrieval methods. The best
performance was achieved with Qwen3-14b using BM25 retrieval, yielding an average score of
4.387 across metrics, a 2.17% improvement over traditional RAG.

Journal of Military Science and Technology, 108 (2025), 136-142 139



Information Technology & Applied Mathematics

Table 1. Overall performance comparison.

LLM Retrieval | Social-DeepWriter | Traditional RAG | Improvement
Qwen3-8B BM25 4.266 4.184 +1.96%
Qwen3-14B BM25 4.387 4.294 +2.17%
Qwen3-32B BM25 4.342 4.299 +1.00%
Qwen3-8B BGE 4.300 3.922 +9.64%
Qwen3-14B BGE 4.306 4.280 +0.61%
Qwen3-32B BGE 4.324 4.312 +0.28%

The results indicate consistent improvements across all configurations, with the most
significant gains observed in the BGE + Qwen3-8B combination (+9.64%), suggesting that Social-
DeepWriter's iterative retrieval approach particularly benefits semantic retrieval methods in
resource-constrained scenarios.

Furthermore, to even validate the results, we also have humans evaluate generated posts,
ensuring that the trends observed in automated evaluations align with real-world audience
perceptions, particularly regarding clarity, engagement, and strategic alignment.

GPT vs. Human Evaluation Scores Across Configurations

; i H BN GFT Ewzluation
441 H B Human Evaluabion

E
=]
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Figure 2. Social-DeepWriter: GPT-based vs human evaluation scores by model size.

Figure 2 illustrates the comparative results from GPT-based and human evaluations, revealing
clear patterns in how Deep Research contributes to the quality of generated social media content.

The results reveal that although GPT-based and human evaluations exhibit broad agreement in
identifying performance trends, they emphasize different dimensions of quality. GPT-based
assessments place primary weight on factual correctness, precision of evidence integration, and
structural coherence, resulting in greater sensitivity to retrieval quality, particularly evident in the
sharper performance distinctions between BM25 and BGE. By contrast, human evaluators tend to
value clarity, contextual appropriateness, and overall readability, demonstrating greater tolerance
for minor factual omissions when the narrative remains coherent and contextually aligned.

This divergence arises from their inherent evaluative frameworks: GPT-based scoring operates
within a fixed, prompt-driven rubric, whereas human judgment is shaped by experiential context,
domain familiarity, and audience expectations. These findings support the adoption of a dual-
validation strategy: leveraging GPT-based evaluation for scalable, fact-oriented performance
monitoring, complemented by human evaluation for targeted, audience-centered quality assurance
in mission-critical communication scenarios.
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3.3. Detailed analysis

Table 2 and table 3 provide a breakdown of performance across individual metrics for Social-
DeepWriter compared to traditional RAG. Social-DeepWriter excelled in Relevance (4.89 for
Qwen3-14b with BGE), reflecting its ability to align content with mission objectives through
iterative retrieval and reflection. Depth remained a challenge, with scores slightly lower due to
occasional oversimplification during summarization.

Table 2. Social-DeepWriter performance (BM25 retrieval).

Model Overal | Consistency | Coherence | Relevance | Fluency | Depth
Qwen3-8B 4.275 3.915 4.713 4.266 4.926 3.553
Qwen3-14B | 4.379 3.947 4.844 4.635 4.958 3.510
Qwen3-32B | 4.342 4.160 4.860 4.480 4.950 3.240

Table 3. Traditional RAG performance (BM25 retrieval).

Model Overall | Consistency | Coherence | Relevance | Fluency | Depth

Qwen3-8B 4.184 4.070 4.610 3.980 4.930 3.330
Qwen3-14B | 4.294 4.032 4.809 4.191 4.926 3.511
Qwen3-32B | 4.299 4.090 4.830 4.450 4.930 3.190

Despite this, the trade-off between conciseness and depth appears to benefit Relevance and
Coherence, key priorities in high-tempo strategic communication settings.

Overall, the data confirm that Social-DeepWriter’s main strengths lie in Relevance and
Coherence, while future refinements could target Depth to further enhance the richness and
granularity of generated content.

4. CONCLUSIONS

Social-DeepWriter demonstrates significant advancements in generating mission-aligned
social media content, outperforming traditional RAG and standalone LLMs across all evaluated
metrics. The framework’s iterative query refinement, multi-hop retrieval, and reflective evaluation
enable it to produce content that is not only factually accurate and coherent but also strategically
tailored to communication objectives. Future work will focus on enhancing the summarization
module to preserve nuanced information and integrating real-time feedback mechanisms to further
improve adaptability in dynamic information environments. Social-DeepWriter represents a
robust, scalable solution for autonomous content generation, with potential to transform strategic
communication in both civil and military contexts.
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TOM TAT

M0 hinh chién lwgc sinh ndi dung truyén théng phan tich chuyén sau
rng dung truy xuat thong tin ting cwong lién tuc

Truyén théng mang xa hdi da tro thanh mot linh viee quan trong cho giao tiép chién heoc,
c6 anh hudng dén nhan thirc ciia cong ching va hé tro cdc hoat déng cd dan s lan qudn
sw. Trong cdc moi truong thong tin c6 nhip dg cao, viée tao ndi dung thii cong truyén thong
thwong qud chdm va ton nhiéu tai nguyén dé dap vmg nhu cau tirong tac theo thoi gian thuec.
Trong khi cdc mé hinh ngén ngi Ién (LLM) nhw GPT-4 ¢6 kha ndng tao van ban giong con
ngueoi trén quy mé 1ém, viée ching phu thudc vao dir liéu hudn luyén tinh da han ché tinh
phii hop theo ngir canh, mirc dg xdc thyc thong tin bi nghi ngo va khong co kha nang tiy
bién véi cdc nhiém vu da dang. Pé khdc phuc nhitng han ché nay, bai bdo nay it thiéu
Social-DeepWriter, mét khung lam viéc ho tro boi AI dé t dong tao néi dung truyén thong
xd hoi phi hop véi nhiém vu. Duoc xdy dung dua trén mo hinh "Nghién ciu Sau" (Deep
Research paradigm), Social-DeepWriter cai thién Mo hinh Tao sinh tang cuong truy xudt
(RAG) truyén thong bang cdch tich hop tinh chinh truy van lap di lap lai, truy xudt da buée
va danh gia ngi dung, phan anh quda trinh lgp ludn nhiéu tang cua cac nha phan tich con
nguoi. Chiing t6i danh gid cdc yéu to nhur chat lwgng truy xudt, thzet ké cau lénh va cdc rang
bugc khi tao ngi dung anh huong nhu thé nao dén tinh cung cdp thong tin, sy mach lac va
mutc do phii hop vé mat chién hege cia cdce bai ding dwoc tao ra. Két qua ciia ching toi
nhan manh tiém nang cua Social-DeepWriter trong viéc hé tro cdc kich ban giao tiép hiong
dung va cdc chién dich phan vmg nhanh, noi ma do chinh xdc, kha nang thich irng va kha
ndng mo réng la yéu to thiét yéu.

Tir khoa: Tao sinh dir liu truyén théng mang xa hdi; M6 hinh ngdn ngit 16n; Tao sinh truy xuét ting cudng; Nghién
ctru sau; Al cho cac van dé cong cong.
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