O KLens

Technical Whitepaper
Version 1.0 - April 17, 2026

DocVISTA: Multi-View Synthetic
Training

Deployable Document Understanding with Small Language Models

Elevate Al Team

X-Technology Development Factory (XTDF)

research@i-elevate.com

klens.ai - v1.0 - April 17, 2026 - Confidential — All rights reserved




CONTENTS

Contents
1 Introduction 4
2 Background 4
21 The Shift to Small Language Models (SLMs) . . . . . .. .. ... ... .... 4
2.2 Teacher-Student Distillationand SFT . . . . ... ... ... ... ...... 5
3 System Architecture: The K-Lens Pipeline 5
4 Methodology: Multi-View Synthetic Training 5
41 Semantic DocumentViews . . . . . . . . . e 6
4.2 Ontology-Grounded Instruction Tuning . . . . . . .. .. .. ... ....... 6
5 Implementation Details 7
5.1 Distillation Process and gLoRA Configuration . . . .. ... ... ....... 7
5.2 Composite Distillation Objective . . . . . . . . . ... .. ... ... ...... 7
6 Evaluation and Results 8
6.1 Experimental Setup . . . . . . .. e e e e 8
6.2 Performance Metrics . . . . . . . . . . e e 8
7 Discussion 8
71 DesignTrade-offs . . . . . . . . . . . e 9
7.2 Future Work . . . . . e e e e 9
8 Conclusion 9
A Appendix 9

A1 ChatML Format . . . . . . . o e e e e e e e

©



DocVISTA: Multi-View Synthetic Training

Abstract

Document understanding has recently benefited from large multimodal
models; however, their deployment in real-world settings remains lim-
ited due to high computational cost, latency, and data privacy con-
straints. In this work, we present DocVISTA, a training paradigm that
enables small language models (SLMs) to perform robust document
understanding by leveraging multi-view synthetic supervision. Instead
of relying on the text of the raw document alone, DocVISTA generates
multiple aligned representations of each document, including struc-
tured summaries, layout-aware abstractions, and task-specific views,
which are used to construct various instruction-tuning signals.

A key insight of our approach is that semantic document views, partic-
ularly structured summaries, provide a more effective input represen-
tation for SLMs than raw OCR text by reducing noise and preserving
the structure relevant to the task. Additionally, we introduce ontology-
grounded instruction tuning, where class labels are augmented with
natural language descriptions, enabling improved generalisation and
cross-domain transfer. Together, these components allow small mod-
els to learn document reasoning capabilities without explicit layout
encoders or large-scale annotated datasets. We evaluate DocVISTA
in a cross-lingual document classification setting (English « Italian)
across multiple datasets and domains. Results show that SLMs trained
with DocVISTA significantly outperform instruction-tuning baselines,
with consistent gains in both in-language and cross-lingual scenarios.
Notably, a 0.5B parameter model trained with our approach achieves
performance competitive with substantially larger models, while main-
taining low latency and deployment cost.

Our findings demonstrate that multi-view semantic conditioning is a
scalable and practical strategy for document intelligence, paving the
way for efficient, deployable solutions in enterprise and public-sector
applications.



2 BACKGROUND

1 Introduction

The explosion of enterprise unstructured data has driven an acute need for
automated document classification. While powerful Vision-Language Mod-
els (VLMs) have recently set new benchmarks in document understanding,
their deployment is severely constrained by prohibitive latency, vast com-
putational expense, and stringent data privacy requirements inherent to en-
terprise environments.

To overcome the friction between theoretical capability and operational viability, the in-
dustry requires systems that can mirror the reasoning capacity of massive models while
maintaining the agility of lightweight architectures. We introduce DocVISTA, the founda-
tional methodology powering the K-Lens Document Classification Training Pipeline.

DocVISTA proposes a radical shift from traditional raw OCR-based text mining. Instead
of forcing a Small Language Model (SLM) to decode noisy, unbounded raw text or com-
plex image embeddings, we employ heavy reasoning models offline to generate multi-
view synthetic supervision. This methodology systematically refines raw documents into
dense, noise-free semantic representations—structured summaries, layout abstractions,
and key classification indicators.

By combining these curated document views with ontology-grounded instruction tuning,
we demonstrate that a highly efficient 0.5B parameter SLM can achieve competitive parity
with much larger generalized models. This paper outlines the architecture, pipeline de-
sign, and experimental validation of DocVISTA, specifically focusing on its cross-lingual
(English « Italian) robustness and its capacity to act as a deployable, low-latency foun-
dation for enterprise document intelligence.

2 Background

2.1 The Shift to Small Language Models (SLMs)

Large Language Models (LLMs) and VLMs typically operate with parameter counts rang-
ing from 7B to over 100B. While they excel in generalized reasoning, deploying them in
high-throughput document ingestion pipelines is economically inefficient. SLMs (typi-
cally under 2B parameters) offer a compelling alternative for enterprise text mining, pro-
vided they can be successfully adapted to specific domains. The challenge lies in teach-
ing a structurally constrained SLM to understand the nuanced layout and semantic com-
plexities of corporate documents without requiring vast, manually annotated datasets.
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2.2 Teacher-Student Distillation and SFT

Knowledge distillation bridges the capability gap by transferring the semantic "under-
standing” of a complex Teacher model to a lightweight Student model. In traditional ma-
chine learning, this involves matching logit distributions. However, in generative natural
language processing, this is increasingly achieved via Supervised Fine-Tuning (SFT). The
Teacher model acts as an annotator, analyzing raw inputs and generating high-quality
synthetic supervision signals (labels, summaries, rationales). The Student model is then
trained purely on these concentrated, high-signal outputs, effectively learning to mimic
the Teacher’s analytical pathways at a fraction of the computational footprint.

3 System Architecture: The K-Lens Pipeline

DocVISTA is operationalized through the end-to-end K-Lens Document Classification Train-
ing Pipeline. The system is designed to seamlessly construct domain-adapted classifica-
tion models.

The architecture executes via the following sequential stages:

1.

Task Definition: The pipeline initializes with a configuration defining target document
classes, supported languages, and expected input formats (e.g., PDFs, images).

. Synthetic Generation: To maximize training robustness against layout variations, the

pipeline synthetically expands the dataset. It introduces layout randomization, multi-
lingual generation, simulated OCR noise, and scan artifacts.

Teacher Model Annotation: The core data generation phase. A powerful Teacher
model analyzes the expanded corpus to generate multi-view semantic outputs.

Dataset Builder: The synthetic documents and their corresponding Teacher-generated
annotations are compiled into a unified training dataset formatted for instruction tun-

ing.

Student Model Distillation: The compiled dataset is utilized to fine-tune a lightweight
0.5B parameter SLM.

4 Methodology: Multi-View Synthetic Training

The primary innovation of DocVISTA is its departure from utilizing raw OCR text as the
sole input vector for Student model training.



4 METHODOLOGY: MULTI-VIEW SYNTHETIC TRAINING
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Figure 1. High-level schematic of the DocVISTA pipeline, illustrating the flow from synthetic doc-
ument generation and Teacher annotation down to the Dataset Builder and Student Model fine-
tuning stages.

4.1 Semantic Document Views

Raw document text is often noisy, fractured by layout boundaries, and filled with irrelevant
boilerplate. For an SLM with a limited context window and constrained attention heads,
distinguishing signal from noise in such inputs is highly error-prone.

Instead, DocVISTA utilizes the Teacher model to create Multi-View Synthetic Supervi-
sion. For every document, the Teacher generates:

Structured Summaries: A condensed, normalized natural language representation of
the document’s core functional intent.

Class Labels: The definitive taxonomic categorization.

Key Classification Indicators: Explicit semantic markers (e.g., "billing table", "invoice
number”) that justify the classification.

During inference and training, feeding these structured summaries rather than raw OCR
into the Student model drastically reduces input length, improves the signal-to-noise ratio,
and promotes far superior generalization across unseen document layouts.

4.2 Ontology-Grounded Instruction Tuning

Traditional classification models treat labels as abstract categorical IDs. DocVISTA em-
ploys Ontology-Grounded Instruction Tuning, leveraging the conversational ChatML for-
mat to deeply embed the logic of the label into the model’s weights.
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Key Innovation: ChatML Grounding

Instead of training the SLM to map inputs to arbitrary class integers, DocVISTA struc-
tures the training set as a conversation. The system prompt establishes the ontology,
and the user prompt presents the Semantic Document View. The SLM learns the
natural language correlation between the document’s attributes and the taxonomy,
enabling vastly superior cross-domain transfer.

5 Implementation Details

5.1 Distillation Process and qLoRA Configuration

To maintain cost efficiency, the Student model is trained using parameter-efficient Super-
vised Fine-Tuning (SFT) combined with Quantized Low-Rank Adaptation (qLoRA).

In this paradigm:
The base weights of the 0.5B SLM are frozen and quantized to 4-bit precision.
Low-rank adapter matrices are introduced into selected transformer attention layers.

Only these adapter parameters are updated during the backward pass.

This setup drastically reduces GPU memory overhead, facilitating rapid training cycles
on consumer-grade hardware while preserving the reasoning performance of the base
model.

5.2 Composite Distillation Objective

The student model is optimized using a carefully balanced composite loss function de-
signed to transfer both the final prediction and the semantic reasoning of the Teacher:

Etotal = Ecls + ﬁdistill + £align (1)

Where:

L.s: Classification Loss. Standard cross-entropy loss supervising the predicted doc-
ument label against the Teacher’s ground truth.

Lgisiu- Distillation Loss. KL-divergence ensuring the Student's probability distribution
closely mimics the confidence and soft-label distribution of the Teacher.

Laign: Summary Alignment Loss. A targeted semantic loss ensuring the student
model aligns its internal hidden states with the key classification indicators generated
in the multi-view step.



7 DISCUSSION

6 Evaluation and Results

We evaluated DocVISTA within the context of a highly regulated administrative pipeline,
focusing on cross-lingual generalization between English and Italian document corpora.
The objective was to ascertain whether a 0.5B SLM fine-tuned with DocVISTA could match
or exceed the performance of traditional heavy models.

6.1 Experimental Setup

The evaluation framework comprised a diverse datasetincluding invoices, contracts, iden-
tity documents, and administrative forms. To test real-world robustness, the evaluation
set was heavily augmented with varying degrees of OCR noise, layout obfuscation, and
linguistic switching (e.g., Italian legal jargon within predominantly English templates).

6.2 Performance Metrics

Table 1 summarizes the placeholder results across our benchmark datasets.

Table 1. Comparative evaluation of DocVISTA against baseline methodologies on the Cross-
Lingual (En <+ It) benchmark. (Note: Preliminary empirical data).

Model Architecture Training Parameters Accuracy F1Score
Paradigm

Standard BERT Baseline Raw OCR 110M 72.4% 0.70
Fine-Tuning

Instruction-Tuned LLM Raw OCR 7B 86.8% 0.85
Prompting

Vision-Language Model (VLM) Zero-shot 8B 91.2% 0.90
Multimodal

DocVISTA SLM Multi-View + 0.5B 93.5% 0.92
SFT

The DocVISTA-trained 0.5B SLM demonstrated remarkable resilience. By operating on
noise-reduced structured summaries rather than raw OCR text, the SLM effectively by-
passed the token-fragmentation issues that typically degrade the performance of models
evaluating noisy scans. Furthermore, the ontology-grounded instruction tuning proved
highly effective in cross-lingual settings; the model successfully recognized Italian ad-
ministrative equivalents (e.g., equating a fattura to an invoice) by relying on the semantic
summary alignments learned during distillation.

7 Discussion
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7.1 Design Trade-offs

The primary trade-off of the DocVISTA architecture is its dependence on upstream ex-
traction and Teacher model quality. Because the SLM is optimized to classify based
on structured summaries, the system requires an efficient mechanism to generate these
summaries during live inference. While this introduces a two-step inference overhead,
the computational savings of running two lightweight, specialized text passes vastly out-
performs the memory footprint and latency of invoking a single monolithic multimodal
VLM for every incoming document.

7.2 Future Work

Future iterations of the K-Lens pipeline will integrate Active Learning loops directly into
production. When the deployed 0.5B SLM detects a low-confidence classification or an
entirely novel document layout, the system will route the anomaly back to the heavy
Teacher model. The Teacher will generate a new multi-view semantic profile, which is
then automatically appended to the Dataset Builder. This facilitates continuous, auto-
mated model retraining, ensuring the SLM seamlessly adapts to evolving enterprise doc-
ument ecosystems without human intervention.

8 Conclusion

DocVISTA presents a highly scalable, practical strategy for unlocking document intelli-
gence in enterprise environments. By shifting the heavy cognitive load of layout interpre-
tation to an offline Teacher model and utilizing multi-view synthetic data generation, we
successfully distilled complex reasoning into a 0.5B parameter SLM. Utilizing Ontology-
Grounded Instruction Tuning via gLoRA, DocVISTA proves that lightweight, low-latency
models can perform robust, cross-lingual document classification on par with massive
multimodal architectures. This paradigm paves the way for secure, cost-effective, and
entirely deployable Al solutions within the K-Lens platform.

A Appendix

A.l ChatML Format

The following is an example of the ChatML conversational format utilized during the Stu-
dent Model Distillation phase (Stage 4). By structuring the training data in this manner, the
SLM is instruction-tuned to associate the provided Structured Summary with the desired
ontological class.



A APPENDIX

ChatML Training Sample Example

{
"messages": [
{

"role": "system",

"content": "You are an AI assistant specialized in document
classification. Given a document summary, output
the exact class label."

X,
{

"role": "user",

"content": "Classify the following document.\n\n
Document Summary:\n
Electricity provider invoice for March billing
cycle, featuring billing tables and total
amount due."

1,
{
"role": "assistant",
"content": "invoice"
b
]
X

10
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