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Abstract: As enterprise organizations accumulate vast amounts of heterogeneous unstructured data spanning PDFs, scanned 

contracts, and event photography traditional keyword retrieval systems fail to capture critical multimodal associations. This paper 

presents Corpusio, a multimodal extraction, indexing, and serving ecosystem designed for resource-constrained production 

environments. Rather than attempting semantic understanding via computationally prohibitive end-to-end large multimodal models, 

Corpusio employs an operationally conservative pipeline. Specifically, the system utilizes a deterministic, two-pass person-image linking 

strategy that combines layout-first card-based proximity grouping with a formal linear assignment solver to prevent cross-identity 

leakage. Visual artifacts are indexed via perceptual hashing to enable efficient deduplication and anchor-based feedback loops. 

Furthermore, the ecosystem mediates downstream Retrieval Augmented Generation (RAG) by surfacing stable evidence locators 

wrapped in strict Role-Based Access Control (RBAC) masks. On a log-verified production corpus of 46 diverse documents, the pipeline 

successfully executed with a mean latency of 208.54 s/doc and sustained a 3.72 GB peak allocated GPU footprint on a commodity 

NVIDIA T4 (16 GB). These results demonstrate that a deterministic, multi-stage retrieval architecture can deliver high-precision, 

auditable multimodal discovery under bounded compute while strictly enforcing operational bounds and data confidentiality. 

 

Keywords: access control, face verification, hybrid retrieval, image-text binding, layout analysis, multi- modal document understanding, 

privacy-preserving machine learning, resource-constrained deployment, retrieval-augmented generation, semantic embeddings 

 

1. Introduction 
 

1) The Dark Data Problem 

Companies possess large volumes of heterogeneous 

unstructured data: newsletters, technical diagrams, event 

photography, scanned contracts, and multilingual reports. 

While key- word search is effective for file names, it often 

fails to capture multimodal associations. For instance, a 

search for ‘‘server’’ may identify relevant tokens but miss 

that a nearby embedded figure is a ‘‘server rack diagram’’ 

linked to an equipment module described elsewhere. 

 

2) Challenges on the Ground 

Deploying document search systems in diverse global 

markets presents significant technical obstacles: 

a) Out-of-distribution entities: Models pre-trained on 

Western corpora (e.g., CoNLL-2003) exhibit reduced 

performance on South Asian and African naming 

conventions. Benchmarking with spaCy’s 

en_core_web_trf [1] can under-recall multi-part names 

and misclassify ambiguous name tokens. 

b) Heterogeneous layouts: Enterprise environments in- 

volve diverse formats, including multi-column 

newsletters and documents with highly variable 

layouts. While end-to- end models such as 

LayoutLMv3 are effective, they often require extensive 

fine-tuning and introduce computational overhead that 

is difficult to justify under strict operational constraints. 

c) Resource-intensive OCR: Legacy documents often 

exist only as scanned images, making OCR a primary 

bottleneck for latency and accuracy. Tesseract [2], [3] 

remains a practical baseline; transformer OCR models 

(e.g., TrOCR [4]) can improve accuracy but may 

exceed typical cost constraints. 

d) Hardware constraints: Cost-sensitive deployments 

typically rely on commodity hardware (e.g., 16 GB 

NVIDIA T4) rather than high-end clusters. The system 

must remain operational within these limits to avoid 

memory exhaustion and instability. This challenge is 

amplified by the massive parameter counts of modern 

transformer-based architectures [5]–[7]. 

e) Mobile-first workflows: In many regions, field staff 
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rely on mobile interfaces. A practical solution must 

provide mobile-accessible retrieval without requiring 

heavy desktop tooling. 

f) Data confidentiality: Enterprises are often reluctant to 

transmit confidential documents to external cloud-

based APIs. The system must curate evidence, redact 

sensitive con- tent, and provide verifiable citations to 

reduce ungrounded answers from downstream Large 

Language Models (LLMs) used in retrieval-augmented 

generation [8], [9]. 

 

3) How Corpusio Fits Together 

We focus on solving multimodal extraction, indexing, and 

retrieval-serving for enterprise corpora (PDF, DOCX, XLS, 

and image formats). We do not claim end-to-end semantic 

‘‘understanding’’ or state-of-the-art results on public 

multimodal benchmarks; rather, we prioritize an auditable, 

privacy-preserving pipeline for production environments. 

 

To address the challenges above, Corpusio is built with a 

modular, operationally conservative design: 

a) Operational memory control: Models are managed 

through a device-placement policy (GPU-to-CPU 

moves) and explicit garbage collection to keep 

allocated GPU memory bounded under commodity 

VRAM budgets. 

b) Identity-based versioning: Extracted artifacts are 

indexed using stable identity stems (file hashes or 

folder IDs) rather than ephemeral titles, supporting 

idempotent skip/resume logic based on persisted 

artifacts and checkpoints. 

c) Perceptual Hashing (pHash): Visual artifacts are 

indexed by pHash (Hamming distance threshold ≤ 6 

for global deduplication), enabling efficient 

deduplication and serving as the stable key for 

feedback-based anchor registration. 

d) Deterministic person-image linking: Corpusio 

performs a two-pass strategy: knowledge-base anchor 

registration followed by a globally optimal 1-to-1 

linear assignment (SciPy LAP solver) driven by layout-

aware card-based proximity. 

e) Ensemble Named Entity Recognition (NER): The 

system integrates spaCy with strict name hygiene filters 

and systemic invariants to improve recall for diverse 

naming conventions. 
f) Hybrid search: The system embeds text (BGE-M3) 

and images/pages (CLIP-family) and employs dense 

(FAISS) and optional sparse (BM25) retrieval. 

g) Access-controlled evidence mediation: Raw files are 

transformed into redacted evidence snippets with stable 

locators and role-based masks. 

 

2. Mathematical Foundations 
 

1) Problem Setup 

Definition 1 (Multimodal Document). A document D is a 

tuple (T, I, M) where: 

• T = {t1, . . . , tn} is the set of extracted text blocks, each with 

bounding box coordinates (x0, y0, x1, y1) (modeling and 

indexing foundations follow [10], [11]). 

• I = {v1, . . . , vm} is the set of extracted image regions, each 

with page identifier and (optionally) a detected person 

count and face encoding. 

• M: T ∪ I → {0, 1}k maps elements to k-bit access- 

control vectors and locators. 

 

Definition 2 (Mediated Evidence Set). Given query q and 

user u, the retrieval subsystem returns an evidence set 

 
 

where ci is a redacted content chunk, πi is a stable pointer (file 

id, page id, bounding box, or image path), and σi is a security 

label used by Role-Based Access Control (RBAC) [12]. 

 

2) Two-Pass Person–Image Linking (Implementation-

Aligned) 

The backend implements person–image linking using two 

deterministic layers that interact: (i) a layout-first 1-to-1 

proximity assignment (Linear Assignment Problem, or LAP 

solver) that produces a locked name for a portrait when the 

page resembles profile cards, and (ii) a two-pass face an- 

choring strategy that registers high-confidence anchors from 

feedback and optionally verifies a candidate name against its 

own anchors. 

 

Definition 3 (Document Face Registry (Anchors)). Let A 

denote a per-document face registry storing tuples (n, e, h) 

where n is a canonical person name, e ∈ R128 is a 

face_recognition encoding, and h is an optional perceptual 

hash of the face/image crop used as a fast prefilter. 

 

Definition 4 (Anchor Registration via Feedback Knowledge 

Base). Let h(v) be the perceptual hash of image region 

v. A feedback knowledge base stores corrections keyed by 

hash (exact match in the production path). If the 

knowledge base returns a corrected classification κ(h(v)) 

with κ(h(v)).type = person and κ(h(v)).mapping = n ̸= 

Unknown, and a face encoding ev is obtainable, then the 

anchor is registered: 

A ← A ∪ {(n, ev, h(v))}.   (2) 

This constitutes Pass 1 of the backend two-pass face 

anchoring strategy. 

 

Definition 5 (Dynamic Layout Metrics). Given a set of 

portrait-like image regions Ip and candidate name headers 

H on a page with width W and height H, the backend derives 

adaptive scale parameters: 

 

µimg = max(100, avg{h(v) : v ∈ Ip, 50 < h(v) < 0.5H}), (3) 

 

µline = avg{ℓ(t) : t ∈ H, 5 < ℓ(t) < 60}, (4) 

 

and then defines thresholds 

 

 
 

These parameters are computed per page to avoid brittle fixed 

global thresholds. 

 

Definition 6 (Layout Proximity Score). Let c(v) = (xv, yv) 

and c(t) = (xt , yt ) denote centers of an image region and 
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a header block. Define 

 
 

The backend uses a unified spatial score (used consistently 

for both profile-cards and global matching): 

 
 

where a, b, and the ∆ constants are derived from page- 

dependent empirical box distributions. This yields a smooth 

distance decay, with deterministic boosts for row alignment 

and local horizontal alignment, and a penalty for large 

vertical jumps. 

 

Definition 7 (Card-Based Proximity Grouping). Instead of 

global grids, the backend ensembles layout cards. Let 

candidate headers be sorted by their center y coordinate. For 

each header, the implementation defines a local proximity 

zone driven by card-based boundaries. A Phase 7 guardrail 

explicitly identifies and excludes banned headers (bBox-

detected headers/footers) before assignment. Proximity 

weighting is combined with card ownership boosts to ensure 

stable 1-to-1 affinity. 

 

Definition 8 (Header Hygiene Penalty (Generic/Non-Name 

Filtering)). Let t be a candidate header text. The backend 

applies strong penalties to text blocks whose first token is 

detected as a common noun or designation (e.g., 

‘‘Experience’’, ‘‘Education’’, roles/titles), and additionally 

penalizes known camera/copyright watermark patterns. 

Formally, this can be represented as an additive penalty 

term p(t) ≤ 0 that is large in magnitude for generic headers. 

 

Proposition1(Linear Assignment for 1- to- 1 Name 

Locking). Let be person-like image regions on 

a profile like page and   the set of detected 

candidate names. Construct a score matrix 

with entries 

 

 
 

where a (v, n) encodes adjustments: (i) type affinity, (ii) y- 

overlap bonus, and (iii) portrait priority boost. The backend 

resolves the mapping by solving the maximization objective 

 
via a LAP solver (SciPy linear_sum_assignment [13]) with 

a mononym safety gate: assignments are rejected if the 

header is a mononym and the score is below a floor of 10.0. 

A nearest name-block fallback ensures 1-to-1 enforcement 

for residual Unknown portraits. 

  

Proposition 2 (Face Verification (Candidate-Only Safety 

Rule)). For a candidate name n, let A(n) be anchors for n 

in the document registry, where face encodings e ∈ R128. 

Given image region v with encoding ev, the match decision is 

defined as: 

 

 
where the system accepts the match if the condition holds 

for τ = 0.55. (Operationally, we define a similarity score 

 and threshold it separately). 

Critically, verification is performed only against anchors 

of the candidate n; if n is not present in the registry, the 

system returns ‘‘no match.’’ This prevents accidental 

reassignment due to matching a different person’s anchor.  

 

Definition 9 (Operational ‘‘Lock’’ Rule). When the layout 

solver assigns a non-unknown name n̂layout(v) to an image 

region v and YOLO indicates at least one person in v, the 

deterministic image classifier returns 

 
with high confidence, preventing downstream scoring stages 

from swapping names. This is an explicit production guardrail 

against portrait-name permutation errors. 

 

3) Operational Memory Management 

Corpusio enforces an operational guarantee regarding GPU 

utilization through a device-placement policy and explicit 

memory hygiene. The implementation reports allocator 

telemetry rather than theoretical parameter-only estimates, 

since allocator behavior (caching and fragmentation) drives 

practical OOM risk. 

 

Proposition 3 (Allocator Telemetry). The system monitors 

two primary metrics from the framework allocator (e.g., Py- 

Torch/CUDA [14]): 

• Allocated Peak (Ma): Defined via torch.cuda. 

memory_allocated(), the maximum memory utilized by 

active tensor objects. This metric is the primary driver for 

Out-Of-Memory (OOM) events. 

• Reserved Peak (Mr ): Defined via torch.cuda. 

memory_reserved(), the total memory managed by the 

allocator. The caching allocator guarantees the basic 

inequality Mr ≥ Ma. 

 

To remain within the 16 GB limits of an NVIDIA 

T4, the implementation performs device-placement of- 

floading: models not currently in the active batch are 

moved to CPU, followed by explicit gc.collect() and 

torch.cuda.empty_cache() calls. The production log 

reports Ma = 3.72 GB and Mr = 3.85 GB under this 

regime. 

 

4) Complexity Analysis 

The overall pipeline runtime bound is roughly O(n·p·C) for 

n documents, p pages per document, and C average 

candidate combinations per page. Solving the dense LAP 

assignment per page is bounded by O(k3) where k = 

min(N, M ) candidates. Vector storage introduces an 

overhead scaling O(nt dt +nidi) for nt text chunks of 

dimension dt and ni image regions of dimension di. 

 

5) Hybrid Retrieval Analysis 

Proposition 4 (Hybrid Retrieval Recall Lower Bound). For 

linear fusion of BM25 and dense retrieval with α ∈ [0, 1], let 

RBM25 and Rdense denote ranked lists. The probability that at 

least one of the two retrieves a relevant item is 
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When the two rankings are weakly correlated, fusion im- 

proves recall by increasing ranking diversity. 

 

6) Time and Space Complexity 

Proposition 5 (Time Complexity). The extraction pipeline 

has time complexity: 

 
where n is the document count and p is the average pages per 

document. The parameters ttext , tvision, tlink , and tembed 

represent the per-page time for OCR, visual 

detection/embedding, person linking, and text embedding 

persistence, respectively. 

 

For the log-verified run with n = 46 and mean 208.54 s per 

document, 

Ttotal ≈ 46 × 208.54 ≈ 9593 s ≈ 160 minutes.  (14) 

 

Proposition 6 (Space Complexity). Let nt be the number of 

text chunks and ni the number of image regions. With float32 

vectors, approximate storage is 

 
where dt is the text embedding dimension (BGE-M3: 1024) 

and di is the vision embedding dimension (vision encoder 

configured in deployment; the production log reflects the 

effective di used to build indices). 

 

3. Related Work 
 

Document processing historically relied on templates and 

brittle rules. Modern document AI integrates layout and 

language via pretraining. LayoutLM [15], LayoutLMv2 

[16], and DocFormer [17] demonstrate multimodal fusion 

for visually-rich documents. For benchmark settings such as 

Pub- LayNet [18], DocBank [19], RVL-CDIP [20], or 

FUNSD [21], large-scale multimodal models and scaling 

studies [22], [23] are competitive. Additional datasets like 

DocVQA [24] specifically target question-answering on 

images; however, these are considered representative 

approaches rather than deployed dependencies in our 

constrained environment. 

 

1) Baselines And Practical Detectors 

Corpusio uses YOLOv8 [25] for region cues. Earlier YOLO 

models [26], [27] and later proposals (e.g., YOLOv10 [28]) 

illustrate the speed–accuracy progression for single-stage 

detection. In resource-constrained enterprise deployments, 

mature inference tooling and robust failure handling are 

often prioritized. 

 

2) Retrieval-Augmented Generation (Rag) 

RAG [8], [9] grounds generation on retrieved evidence. 

Retrieval-augmented pretraining and open-domain QA work 

[29]-  established the retrieval component as a first-class 

module. Techniques for query rewriting [32] and dual 

instruction tuning [33] further refine the interaction between 

retrieval and generation. Human-assisted QA and multitask 

retrieval studies [34], [35] highlight the importance of high- 

quality evidence. Language models themselves have been 

explored as internal knowledge bases [36]. Corpusio adopts 

evidence mediation and RBAC filtering as a practical control 

layer for enterprise usage. 

 

 

3) Vision and Text Embeddings 

CLIP [37] introduced large-scale vision–language embed- 

dings by training a symmetric-loss objective on image-text 

pairs. For semantic text retrieval, Sentence-BERT [38] and 

later multilingual embeddings such as BGE-M3 [39], [40] 

enable efficient dense retrieval. Corpusio uses CLIP-family 

encoders (e.g., ViT-L/14 as a common deployment default) for 

image/page embeddings and BGE-M3 for text. 

 

4) Vector Indexing 

FAISS [41] is a standard library for similarity search; 

alternatives include HNSW [42], PQ [43], and pgvector 

[44]. Late interaction models like ColBERT [45], [46] offer 

alternatives to simple dot-product search. Corpusio stores 

vectors as NPY and builds in-memory indices during serving 

to avoid operational complexity. 

 

 
Figure 1: Corpusio system architecture showing access 

layer, online RAG serving, offline extraction/indexing, and 

storage dependencies. 
 

5) Non-Western Name Extraction 

Global South name distributions often challenge standard 

NER models. Corpusio uses spaCy [1] with strict name 

hygiene filters and optional multilingual fallbacks 

(IndicNER [47], IndicNLP [48], Stanza [49], Flair [50]), 

consistent with multilingual transfer observations [51], [52]. 
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4. System Architecture 
 

Corpusio uses a modular monolith architecture (Figure 1) to 

simplify deployment while enabling independent component 

upgrades. 

1) System Overview (Stage List) 

The system orchestrates a multi-stage auditable pipeline, 

verified via execution logs (summarized in Table 1). 

 

Table 1: Corpusio 8-Stage Extraction and Retrieval 

Pipeline 

 
 

2) Memory Orchestration (Implementation) 

Rather than maintaining all models concurrently on GPU, 

Corpusio uses explicit device moves and cleanup. A 

representative policy is: 

 
Listing 1: GPU Control Policy (Simplified) 

 

This device-placement strategy reduces fragmentation and 

caps allocated GPU usage under commodity VRAM bud- 

gets. Specifically, text models and large vision backbones are 

moved to CPU when idle to maximize headroom for the active 

pipeline stage. 

 

3) Systemic Invariants and Guardrails 

To ensure pipeline integrity, the system enforces several 

invariants: (i) entity rosters are validated for person- 

containment before being passed to the spatial solver, (ii) 

face encoding is gated by single-person YOLO detections 

to prevent identity bleeding in group photos, and (iii) image 

mapping results are checked against a score-margin threshold 

(abstaining if ambiguous). These guardrails are reported in 

production logs as warning-level telemetry when violated. 

 

4) Knowledge Expansion (Optional Enrichment) 

While the core extraction focuses on local document con- 

text, the system includes optional modules for Knowledge 

Graph (GraphDB) construction and Wikidata linking. These 

components serve as optional enrichments during the gateway 

serving phase and are not included in the primary extraction 

benchmarks. 

 

5. Methodology I: Document Processing and 

Analysis 
 

1) Text And Metadata Extraction 

Corpusio uses PyMuPDF [53] for vector PDF processing 

and conditional Tesseract OCR [2], [3] for scanned pages. 

For Office documents, embedded images are extracted and 

persisted for visual indexing. Perceptual hashing is computed 

for each extracted image to enable deduplication and to attach 

feedback across runs. 

 

 

2) Yolo-Based Person Region Cues 

YOLOv8 [25] provides person-region detection that gates 

downstream face-based linking. In person-linking mode, face 

encoding is computed only when detection indicates a single- 

person region, reducing spurious face signals from group 

photos. 

 

3) Two-Pass Person Linking (Operational Logic) 

The implementation follows two coupled strategies: 

 

Layout-first 1-to-1 mapping: On pages detected as 

profile-like (portrait presence + bio markers + name-like 

headers), the system performs card-based grouping and 

solves a 1-to-1 linear assignment (LAP solver) using the 

 

 
Listing 2: Retrieval-Augmented Generation (RAG) Query 

Processing (Simplified) 

 

spatial score of Eq. (7) with deterministic hygiene penalties 

(generic headers, watermark captions) and type-affinity 

adjustments. The result is a locked layout mapping that 

prevents name swaps. 

 

Face anchoring (two-pass): For each image region v, 

compute its perceptual hash h(v). If the knowledge base 

contains an exact correction indicating a person mapping n 

and a face encoding ev is obtainable, register (n, ev, h(v)) 

in the document-level face registry (Pass 1). In Pass 2, face 

verification can confirm (or reject) a candidate name by com- 

paring only against that candidate’s anchors with tolerance 

τ = 0.55. 

 

4) Structural Signal Ensemble (Logo and Architecture) 

Non-person images (logos, diagrams, charts) are mapped 

using a structural signal ensemble. This includes edge 

density and line counts for architecture, numeric density 

for charts, and entity affinity (matching OCR tokens 

against ORG/PRODUCT entities) for corporate logos. The 

system abstains from classification when the margin 

between top candidates is insufficient, ensuring high 

precision for as- signed metadata. 

 

6. Methodology II: Retrieval and Inference 
 

1) Building The Indices 

Corpusio builds three retrieval targets: 
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Text: encode text using Beijing Academy of Artificial 

Intelligence Big Gradient Embedding (BAAI/BGE-M3) [39] 

(1024-dim) for dense retrieval and maintain an optional 

BM25 [11] hook for exact keyword matches. Linear fusion 

uses 

 
Images and Pages: use Contrastive Language-Image Pre- 

training (CLIP-family) embeddings [37] for image regions 

and full-page snapshots, retrieved via cosine similarity in 

Facebook AI Similarity Search (FAISS) [41]. 

 

2) Retrieval and Query Pipeline 

 

3) Enterprise Gateway and Mobile Deployment 

Accessibility is provided via a stateless API gateway 

supporting mobile clients (e.g., WhatsApp). The gateway 

manages session persistence and delivers media artifacts 

through time- limited (TTL) signed URLs. This architecture 

ensures that sensitive evidence remains stored in access-

controlled environments while providing low-latency 

feedback to mobile users. Image-entity associations are 

robustly handled by the card-based solver, which enforces 

layout-aware constraints to maintain association integrity 

across heterogeneous document styles. 

 

4) Graphrag Layer: Relationship-Aware Retrieval for 

Hallucination Mitigation 

A key limitation of purely similarity-based retrieval is 

that queries involving relationships between entities- e.g., 

‘‘What is the role of Person A in Project B?’’- tend to surface 

topically relevant chunks about each entity independently, but 

not chunks that explicitly encode the relationship between 

them. This gap causes downstream LLMs to fabricate 

connections, a primary source of hallucination in enterprise 

RAG deployments. 

 

To address this, Corpusio optionally augments the retrieval 

pipeline with a GraphRAG layer backed by a Neo4j 

knowledge graph. During ingestion, the extraction pipeline 

populates a graph database where nodes represent key 

entities (persons, organizations, roles, products, and other 

important named entities) and directed edges encode 

semantic relation- ships between them derived from co-

occurrence and dependency parsing over the extracted 

corpus. Each embedding chunk is annotated with a 

concept_id metadata field linking it back to its corresponding 

graph node(s). 

 

At query time, before the hybrid dense–sparse retrieval step, 

the system executes a multi-hop graph traversal over the 

knowledge graph. The traversal depth and direction are 

guided by the query’s detected entities and intent- expanding 

across first- and second-degree (and optionally deeper) 

relationships to capture indirect connections that flat 

retrieval would miss. The returned concept_id set from this 

traversal is used as an additional filter and boost signal over 

the FAISS index, ensuring that chunks encoding 

relationships- not merely entity mentions- are surfaced 

alongside topically similar chunks. This produces a richer, 

relationship-grounded evidence set that significantly reduces 

LLM hallucination on relational queries. 

 

7. Data Confidentiality and Access Control 
 

1) Confidentiality Objectives 

The objective is to enable LLM-assisted discovery without 

exposing sensitive source documents to external services. 

Corpusio therefore mediates evidence and enforces RBAC 

before any generation step. 

 

2) Filtering By Role 

Let R(u) be the user’s role and allow (σ, R(u)) ∈ {0, 1} 

be the RBAC decision. Retrieval returns: 

 
 

3) Redaction 

Evidence is redacted before being passed downstream: 

 
 

Theorem 1 (Mediated Exposure Bound). Assume the gener- 

ator only reads Ẽ(q, u), redaction deletes forbidden text, and 

RBAC is correctly applied. Then any forbidden content not 

present in Ẽ(q, u) is not exposed to the generator through the 

Corpusio interface. 

 

Sketch. By construction, the evidence bucket is the only path 

from storage to the generator. If forbidden strings are 

excluded by RBAC and deleted by redaction, they do not 

appear in the context provided to the generator. 

 

8. System Robustness and Fault Tolerance 
 

1) Failsafes 

Out-Of-Memory (OOM) Fallbacks: When GPU memory 

is low, the pipeline triggers deep cleanup and can fall back to 

CPU for specific embedding steps. 

Resume Function: Files are hashed and stored in a mani- 

fest to support resuming long runs. 

 

2) Learning From Mistakes 

Human corrections are persisted (e.g., image hash to cor- 

rected label/name). These corrections are used as pass-1 

anchors in subsequent extraction runs. 

 

3) System Configuration and Hyperparameters 

Experiments were conducted on a commodity server node: 

• Hardware: The production deployment utilizes an 

NVIDIA T4 Graphics Processing Unit (GPU) (16 GB 

Video Random Access Memory (VRAM)). The runtime 

environment typically includes 64 GB System RAM and 

multi-core Xeon-class CPUs. 

• Detection and Batching: YOLOv8 defaults to batch 

size 4 for stability, while embedding batches are 

dynamic and reduced upon memory pressure signal. 

• Thresholds: Face verification uses a tolerance threshold 

τ = 0.55 for normalized distances. 

• Embeddings: Text embeddings are 1024-dimensional 

(BGE-M3). Vision encoding uses the CLIP-family (e.g., 

ViT-L/14, 768-dim). 
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9. Experimental Results 
 
1) Evaluation Protocol 

Because the production corpus is proprietary, we report 

aggregated metrics and release evaluation scripts and 

annotation templates; raw documents are not redistributed. 

• Labeled Set: We constructed an evaluation subset 

consisting of 112 candidate images across 10 distinct 

subjects. Ground truth was established by two internal 

annotators with a final consensus pass for ambiguous 

cases. 

• Metric Definition: We report Recall@1 for person–

image mapping. Precision is calculated as the ratio of 

correct links to total links assigned by the solver. 

• Metric Disclaimer: The accuracy metrics reported 

below were obtained via manual labeling of an internal 

proprietary subset. Evaluation artifacts (annotations and 

gold-standard scripts) are not bundled with the open 

distribution for confidentiality reasons. 

• Operational Failure: We define a fatal failure as an in- 

stance where the extractor exits with a non-zero status 

code or a per-file run terminates without generating 

required embedding artifacts. 

 

2) Evaluation Set 

We prioritize heterogeneous enterprise documents: 

• Legal and HR: scanned agreements and policy 

documents. 

• Commercial: pricing matrices and complex 

presentations. 

• Technical: infrastructure diagrams and engineering 

documentation. 

 

3) Log-Verified Runs (Two Executions) 

The provided pipeline.log contains two executions: 

Run A (warm start / index continuation): the pipeline 

resumed from previously persisted embeddings and reported 

counters: 

(text, image, page_image) = (449, 48, 173)   (19) 

This run reports files=0 in the summary, consistent with an 

index continuation step rather than fresh ingestion. 

 

Run B (full extraction): the pipeline processed n = 46 

docs and produced counters: 

(text, image, page_image) = (729, 259, 472)  (20) 

with 46/46 files successfully completed, a total input size of 

64.17 MB, and a mean runtime of 208.54 s/doc. GPU alloca- 

tor telemetry recorded a peak allocated memory of 3.72 GB 

and a peak reserved memory of 3.85 GB on an NVIDIA T4 

(16 GB). Note that these are dynamic telemetry checkpoints, 

not static theoretical parameter footprints. 

 

4) Person–Image Linking Accuracy (Internal 

Benchmarks) 

On the labeled subset, qualitative testing indicates that the 

system achieves robust recall for person–image mapping. 

 

Table 2: Operational metrics reproduced from pipeline.log. 

Run A demonstrates index warm-start/reuse of persisted 

embeddings 
Metric Run Value 

Files processed 
Run A  

(Warm-start) 
0 

Counters (text, image, page) Run A (449, 48, 173) 

Files processed 
Run B (Full 

Extraction) 
46 

Succeeded / Failed Run B 46 / 0 

Input size Run B 64.17 MB 

Mean runtime Run B 208.54 s/doc 

Peak GPU allocated (Ma) Run B 3.72 GB 

Peak GPU reserved (Mr) Run B 3.85 GB 

Counters (text, image, page) Run B (729, 259, 472) 
 

 

Layout-first locking (Card-based + LAP solver) prevents 

local swaps; anchors provide high precision but limited 

cover- age; and candidate-only face verification confirms 

additional cases without allowing cross-identity leakage. 

Internal bench- marks on a proprietary subset showed 98.0% 

recall (96 out of 98 labeled positives) and 94.1% precision. 

These exact figures represent a specific deployment state 

and may vary across different corpora. 

 

Latency Notes 

Latency varies mainly with OCR-heavy scanned pages. The 

production log reports a mean runtime of 208.54 s/doc for 

Run B. 

 

10. Discussion and Lessons Learned 
 

Deterministic linking helps auditability: For person-image 

association, a layout-first LAP solver with explicit card-based 

grouping and optional candidate-only face verification is 

easier to inspect than opaque end-to-end caption binding, 

and it supports incremental improvement via feedback 

anchors. 

 

Evidence mediation reduces exposure: RBAC filtering 

and redaction constrain what downstream generators can see, 

while citations preserve traceability. 

 

Operational memory control matters: GPU 

fragmentation and transient low-memory states require 

explicit cleanup and conservative batching, especially on 

commodity hard- ware. 

 

a) Threats to Validity and Reproducibility 

Reviewers should note several factors limiting the 

generalizability of our findings. External validity is 

constrained by the proprietary nature of our production 

corpus; accuracy cannot be fully reproduced without 

released annotations. Systemic bias in person linking 

remains heavily dependent on upstream face detectability 

bias and OCR variance, which strongly bound the pipeline’s 

overall recall. Finally, operational metrics exhibit 

configuration dependence; performance is tied to specific 

hardware tiers and the chosen combination of embed- ding 

models (e.g., CLIP vs. BGE-M3 parameter counts). 

 

b) Why not use External Vision–Language APIS? 

Uploading sensitive enterprise documents to external services 

can be legally and operationally unacceptable. Even local 

large multimodal models (e.g., LLaVA [54]) can be 

challenging under commodity VRAM budgets. GPT-4 
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technical reports [55] are capability reference points, not 

deployed dependencies. 

 

c) Open Issues 

Tables: Complex table structures remain difficult; heavy 

Table Structure Recognition (TSR) models such as 

TableFormer 

[56] are a plausible next step. 

 

Incremental updates: Faster incremental indexing would 

avoid rerunning full extraction on small edits. 

 

 

11. Conclusion 
 

Corpusio demonstrates that a practical multimodal 

extraction and retrieval system can run reliably under 

commodity GPU budgets while supporting confidentiality 

mediation. The log-verified run processed 46 heterogeneous 

files with mean runtime 208.54 s/doc and peak allocated 

GPU footprint 3.72 GB on an NVIDIA T4. The system 

combines deterministic person-image linking (layout-first 

card-based grouping + LAP solver 1-to-1 locking, feedback 

anchors, and candidate- only face verification), hybrid 

retrieval (optional BM25 + dense), and access-controlled 

evidence mediation. 
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architectures, explainable AI, efficient inference strategies, and the 

engineering of safety- aware large language models. 
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