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Abstract

Transforming large volumes of multimodal social-media content
into a defensible communication plan remains a slow, expert-driven
process. We present SOMIN, a deployed interactive system that
converts public, multimodal social traces—text, images, and video—
into evidence-grounded communication strategies. SOMIN couples
three layers: (i) a retrieval layer that monitors social streams, parses
each item into a taxonomy of textual and visual concepts, and
ranks content with a multimodal click-through-rate (CTR) inference
model; (ii) an analysis layer that clusters the corpus into data-driven
personas and tensions and separates seasonal from sustained trends;
and (iii) an agentic layer in which a tool-augmented LLM, connected
via a Model Context Protocol (MCP) server, composes a persona—
tension-angle—proposition chain and renders a brand-styled deck
with creatives. Grounding on external market evidence rather than
private corpora sidesteps the personalization-governance trade-off
of enterprise retrieval. In the demonstration, each attendee drives
SOMIN live to build a personalized campaign, publish a post, and
take home a personal-brand-styled deck.

1 Introduction

Mining social multimedia for audience insight is a long-standing
theme in this community, from user profiling [8] to interactive mar-
keting analytics platforms [7, 10, 11]. Large language models (LLMs)
have shifted the bottleneck from producing content to grounding it
strategically. Controlled studies show that LLM-assisted generation
measurably homogenizes content [5, 17] and degrades when models
retrain on it [20], while visibility increasingly shapes which work is
read and cited [6]. Retrieval-augmented generation (RAG) [14, 15]
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re-anchors output in evidence, but enterprise grounding on inter-
nal assets is costly to maintain [4] and turns the datastore into a
leakage surface under extraction and inversion attacks [16, 18].

We present SOMIN, a production-deployed system that sidesteps
this trade-off by grounding generation on external, public, multi-
modal market evidence rather than private corpora. Two design
choices distinguish it. First, retrieval is multimodal and performance-
aware: every item is parsed into a structured concept taxonomy
spanning text, image, and video, and weighted by a CTR model [9,
13]. Second, planning is agentic: SOMIN exposes its retrieval, anal-
ysis, and generation methods as tools over an MCP server [2], so a
tool-augmented LLM agent [19, 26, 27] can re-query grounding per
sub-decision and assemble a strategy from a single brief. SOMIN is
in production use with global brands and agencies including Master-
card, Mars, Grab, KARL STORZ, Digitas, and SAMY Alliance [12].
Our contributions: (1) multimodal, performance-aware retrieval
and content understanding; (2) persona-tension-angle decomposi-
tion with preserved provenance; (3) an agentic MCP layer turning
a general LLM into an autonomous planner.

2 System Architecture

SOMIN realizes the three-stage pipeline of Figure 1: Stages 1-2
constitute SoMonitor, Stage 3 Solnspire, driven by an MCP agent.

2.1 Multimodal Retrieval and Filtering

SOMIN monitors thousands of brand and creator channels across
LinkedIn, Instagram, TikTok, and Facebook. Each item is decom-
posed into a structured concept taxonomy spanning text and media:
alongside topic and tone, the parser extracts image concepts (objects,
composition) and video concepts (subjects, themes), then scores
each item with the multimodal CTR model [9]; near-duplicates and
low-signal posts are dropped and the rest ranked.

Filtering for the best-performing content. Because the down-
stream strategy is grounded only on content the CTR model ranks
highly, ranking quality is the critical property. Absolute engagement
prediction needs owner-only impression counts, so we evaluate
the model’s ranking of relevant content against zero-shot LLM
rankers (Table 1). SOMIN leads on every metric, matching Gemini
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Figure 1: The SOMIN pipeline: Retrieve parses multimodal content into a CTR-ranked concept taxonomy; Decompose clusters
it into personas, tensions, trends, and white-space; Orchestrate has an LLM agent call SOMIN tools over MCP to render a deck

and creatives (dashed loop: validation against retrieved content).

Table 1: Ranking quality of the performance-aware filter vs.
zero-shot LLM rankers. Best in bold.

Model nDCG@5 nDCG@10 Recall@3 Recall@5
ChatGPT 0.511 0.750 0.333 0.400
Gemini 0.564 0.769 0.000 0.600
SOMIN 0.588 0.829 0.600 0.600

on Recall@5 and improving nDCG@10 by 7.8% and Recall@3 by
80% relative to the strongest baseline. Zero-shot rankers miss the
task-specific nuance of thought leadership without heavy prompt
engineering or curated few-shot examples—impractical over fast-
moving feeds. Grounding the ranker in historical performance
raises the evidence base’s signal-to-noise ratio, steering the agent
toward resonant, non-homogenized narratives.

2.2 Decomposition into Personas and Tensions

A study engine clusters the filtered corpus and emits structured
reports: personas (psychographic segments) [1, 8] and tensions (re-
curring unmet needs). Tensions are paired with communication
angles drawn from social-science theory (e.g., human-capital the-
ory [3]), which frame the message and curb generic phrasing. A
trend pass separates seasonal from sustained themes; the same
machinery surfaces white-space—demand with thin coverage—so
analysis can disconfirm an angle.

2.3 Agentic Orchestration via MCP

SOMIN’s methods—content/concept search, study and proposi-
tion generation, image generation—are published as MCP tools [2].
Paired with the packaged /somin-brand-deck skill [25], a general
LLM agent sequences these tools autonomously from one brief: it
mines personas and tensions, synthesizes an insight from a (per-
sona X tension X angle) triple, derives propositions, and renders a

branded deck with creatives. Every artifact stays auditable back to
ranked source content.

3 The Demonstration

At our stand, SOMIN builds a communication strategy for the at-
tendee, live. Each attendee supplies a public profile—their own,
or our pre-loaded example, an information-retrieval researcher
preparing for SIGIR 2026 (adjacent to the MM community, within
our review window)—then drives the pipeline end to end.

The attendee performs six steps: (1) decode the field—inspect
the profile and pick a niche (AI enthusiasts); (2) cluster—obtain
personas (e.g., The AI-Enthusiast Scholar), tensions, white-space,
and trends; (3) synthesize an insight—pick a persona, tension,
and angle (skill shortage) for one insight; (4) build a proposition—
bind the insight to a product truth (a subsidized PhD scholarship);
(5) hand off—issue a one-line brief; the agent assembles a branded
deck; (6) generate, publish, take home—review creatives, validate
against real audience posts, publish, and export the deck as PDF.

Reproducibility. A narrated walkthrough video accompanies
this submission [24]; the full run reproduces from a shared agent
session [22] and MCP setup guide [21]. Complete instructions for
running SOMIN end to end are provided in the accompanying
manual [23], and reviewers can sign in to the live platform.!

4 Conclusion

We presented SOMIN, a deployed agentic system that turns multi-
modal social traces into evidence-grounded communication strate-
gies by coupling performance-aware multimodal retrieval, persona-
tension decomposition, and MCP-based tool orchestration. Its arti-
facts stay auditable to ranked sources—a template for multimedia
systems reconciling generative flexibility with provenance and gov-
ernance.

IReviewer access: https://cloud.somin.ai, login ACMMM26, password ACMMM26.
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