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TL;DR - The "LLM vs OCR" framing is inherited from the pre-
transformer era, when OCR meant Tesseract and LLMs meant text-
only GPT-3. In 2026 the boundary has dissolved: MistralOCR runs on
Pixtral, PaddleOCR-VL is a vision-language model, Docling
orchestrates a transformer backbone, and the top-ranked "OCR" on
most benchmarks is Gemini 2.5 Pro - a general-purpose multimodal
LLM. The real questions are specialist MLLM vs general-purpose
MLLM, end-to-end model vs hybrid pipeline, and - critically - whether
your pipeline can tolerate silent hallucination. This post walks through
a four-tier taxonomy, maps each tier to concrete use cases, and
closes with a decision framework you can apply today.

Where the debate comes from

Open any thread on r/dataengineering, r/LocalLLaMA, or r/ClaudeAI about
extracting text from documents and you will find two camps.

Camp A says: use a proper OCR model, not an LLM. The top-voted answer on a
40+ comment r/dataengineering thread is blunt - the argument is that LLMs are
slow, expensive, and hallucinate, while a dedicated OCR stack just works.

Camp B says: Gemini 2.5 Pro is the most accurate OCR service available today. A
well-upvoted r/LocalLLaMA commenter reports processing thousands of PDFs
with zero errors using a general-purpose multimodal model.

Both camps are partially right. The problem is that they are arguing about
categories that no longer exist as distinct things.

The outdated mental model

The "LLM vs OCR" frame assumes two separate worlds:

"OCR" means classical computer vision - Tesseract, ABBYY, early AWS
Textract. CNNs detect character shapes, a language model picks the most
likely character sequence, and you get deterministic text output.
"LLM" means a text-only autoregressive decoder - GPT-3, early ChatGPT.
You would run OCR first, then pipe the text into the LLM for cleanup or
extraction.



That framing was accurate around 2022. It is now largely obsolete, because the
models people call "OCR" in 2026 are themselves multimodal LLMs.

The four-tier taxonomy

Here is a more useful way to think about document text extraction in 2026. Each
tier represents a different architecture, not a different name for the same thing.

Tier 1 - Classical OCR

Examples: Tesseract, ABBYY FineReader, legacy AWS Textract (pre-
AnalyzeDocument v2).

Architecture: CNN-based feature detection, character-level recognition,
optional language-model rescoring. No transformer, no attention mechanism,
no vision-language pretraining.

Strengths:

Deterministic - will never invent text that is not in the image
Fast - processes hundreds of pages per second on commodity hardware
Cheap - zero marginal cost when self-hosted
Fully offline - no API calls, no data leaves the machine

Weaknesses:

Breaks on complex layouts (multi-column, nested tables, sidebars)
Poor on handwriting, rotated text, low-contrast scans
No semantic understanding - cannot infer a missing digit from context
Requires heavy post-processing to extract structured data

When to use it: High-volume pipelines with simple, consistent layouts where
zero hallucination is non-negotiable. Think utility bills, single-column forms,
printed receipts.

Tier 2 - Document-Specialist MLLMs

Examples: MistralOCR (Pixtral backbone), PaddleOCR-VL 1.5, Docling (IBM),
Google Document AI, FireRed-OCR, GLM-OCR, dots.ocr-1.5, Hunyuan-OCR.
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Architecture: Vision-language transformers - the same transformer architecture
that powers general LLMs, but trained or fine-tuned specifically on document
datasets. They accept an image and produce structured text, often with
bounding-box coordinates or layout-aware Markdown.

This is the key point the debate misses: when someone on Reddit says "use a
proper OCR model, not an LLM," the model they recommend - MistralOCR,
Docling, PaddleOCR-VL - is itself a multimodal LLM. It has an image encoder,
cross-attention layers, and an autoregressive text decoder. It is an LLM. It just
happens to be one that was trained specifically for documents.

Strengths:

Layout-aware - preserves table structure, columns, reading order
Trained on document-specific failure modes (stamps, watermarks,
headers/footers)
Often outputs structured formats (Markdown, JSON, bounding boxes)
Some models are self-hostable (PaddleOCR-VL, Docling, GLM-OCR)

Weaknesses:

Constrained to the document types in training data - may struggle with
unusual formats
Still susceptible to hallucination, though less than general MLLMs on in-
distribution data
Smaller context windows than Tier 3 models - may truncate very long
documents

When to use it: Structured document extraction at medium-to-high volume -
invoices, forms, academic papers, financial tables. This is the sweet spot for
most production OCR pipelines in 2026.

We tested seven Tier 2 models head-to-head in our 31-PDF benchmark pilot. The
routing rule that emerged - FireRed for balanced workflows, GLM for fast paths,
Hunyuan for grounded output - is documented in our workflow-fit guide.

Tier 3 - General-Purpose MLLMs as OCR

Examples: Gemini 2.5 Pro, GPT-4o, Claude 3.5 Sonnet, Qwen-VL-Max, DeepSeek-
VL2.

Architecture: Massive multimodal transformers with image-understanding
capabilities. Not trained specifically for document extraction, but their sheer
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scale and broad pretraining often compensates.

Strengths:

Best on edge cases - handwriting, curved pages, damaged scans, mixed
languages
Can reason about content, not just transcribe it (e.g., "this table header
probably applies to these rows")
Longest context windows - can process entire multi-page documents in one
call
Easiest to prompt - natural language instructions instead of config files

Weaknesses:

Expensive at scale - API costs add up when processing thousands of pages
Hallucination risk - may confidently produce plausible text that is not in the
image
May flatten layout - unless explicitly instructed to preserve structure, can
lose table formatting
Cloud-only for the best models - data must leave your infrastructure

When to use it: Low-to-medium volume with varied, unpredictable document
types. Research workflows, one-off batch processing of messy archives, RAG
ingestion of heterogeneous corpora.

Tier 4 - Hybrid Pipelines

Examples: Marker + Gemini Flash, Docling + LLM post-processing, Tesseract �
GPT for cleanup, classical layout detection � MLLM for content extraction.

Architecture: Not a single model but a pipeline - one stage handles layout
detection or raw text extraction (often Tier 1 or a specialised layout model), and
a second stage handles semantic extraction, error correction, or structured
output (often Tier 2 or 3).

Strengths:

Modular - you can swap components as better models appear
Debuggable - when output is wrong, you can isolate whether the layout
stage or the extraction stage failed
Cost-efficient at scale - use cheap classical OCR for the bulk, expensive
MLLM only for cleanup



© 2025 Instavar · CC-BY 4.0

The classical stage provides a hallucination-free baseline that the MLLM
stage can augment but not override

Weaknesses:

More moving parts - pipeline maintenance, version compatibility, error
propagation between stages
Boundary brittleness - the handoff format between stages must be well-
defined or information is lost
Latency - two stages are slower than one

When to use it: High-volume production pipelines where you need both
auditability and semantic extraction. Finance, legal, compliance - anywhere you
want the speed of classical OCR with the intelligence of an MLLM, and you need
to explain to an auditor why a particular value was extracted.

The hallucination problem nobody talks about

This is the sharpest edge in the taxonomy and the reason Tier 1 still exists.

Classical OCR fails loudly. When Tesseract cannot read a character, it produces
a garbled string or a blank. The failure is visible. Your downstream pipeline can
detect it, flag it, and route it to a human.

MLLMs fail silently. When a multimodal LLM cannot confidently read a digit, it
produces the most statistically plausible digit. The output looks correct. There is
no flag, no confidence score that reliably catches it.

For a blog post or a meeting summary, this does not matter. For an invoice
amount, a contract date, or a patient record, a silent hallucination is worse than
a detected failure.

This is why a highly upvoted r/ClaudeAI thread asked the right question: is OCR
accuracy actually a blocker for RAG and automation pipelines? The answer,
confirmed across multiple threads, is yes - specifically in financial tables, legal
documents with multi-column text, and any domain where a single wrong
character changes the meaning.

The practical implication: if your pipeline processes documents where a wrong
digit has material consequences, you either need Tier 1 (deterministic, no
hallucination) or Tier 4 (classical baseline + MLLM augmentation with a



verification step). Using a Tier 2 or Tier 3 model alone requires a downstream
validation layer - and most production pipelines skip that step.

The real decision framework

Stop asking "should I use an LLM or an OCR model?" Instead, answer these five
questions about your pipeline.

Decision axis Tier 1 wins Tier 2 wins Tier 3 wins Tier 4 wins

Volume and
cost

High volume,
simple
layouts, near-
zero cost

Medium volume,
structured docs,
moderate cost

Low volume,
complex/varied,
higher per-page
cost

High volume,
mixed quality,
cost-
optimised

Accuracy
requirement

Acceptable
error rate OK,
no
hallucination

Table and layout
structure must
be preserved

Every character
must be
contextually
correct

Auditable
extraction
with fallback

Layout
complexity

Single-
column, clean
prints

Forms, invoices,
tables,
headers/footers

Unknown or
highly varied
layouts

Layout
structure +
semantic
meaning both
needed

Hallucination
tolerance

Zero -
deterministic
output only

Low -
constrained to
trained
document types

Must verify
downstream (or
accept risk)

Classical stage
provides
hallucination-
free baseline

Privacy and
hosting

Self-hosted,
fully offline

Some models
self-hostable
(PaddleOCR-VL,
GLM)

Cloud-only for
best accuracy
(Gemini, GPT-4o)

Mix - classical
stage on-
prem, MLLM
stage flexible

Quick decision paths

Processing invoices at scale? Start with Tier 2 (FireRed-OCR or PaddleOCR-VL)
for the structured extraction path, fall back to Tier 4 if you need auditability.

Building RAG over messy scanned documents? Tier 3 (Gemini 2.5 Pro or GPT-
4o) gives the best accuracy on heterogeneous content, but budget for a
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verification layer if the RAG output feeds into decisions.

Legal or compliance documents where errors have consequences? Tier 4 -
classical OCR baseline plus MLLM augmentation with human-in-the-loop for
flagged pages.

Simple, high-volume print extraction (utility bills, receipts)? Tier 1 still wins
on cost and speed. Do not over-engineer it.

What our benchmarks showed

We ran a 31-PDF, 1 331-page benchmark across five OCR stacks on scan-heavy
documents (curved pages, stamps, handwritten annotations, multi-column
academic papers).

The headline finding: workflow fit matters more than a single benchmark
score. No model won across all document types. The routing rule that emerged -
documented in our workflow-fit guide - assigns different Tier 2 models to
different page types based on observed failure modes.

The February 2026 OCR market map covers the broader leaderboard, including
the March 2026 update with Hunyuan, DeepSeek, GLM, and FireRed in a four-
model workflow benchmark.

The consistent takeaway across all three evaluations: asking "which OCR model
is best?" is almost as misleading as asking "LLM or OCR?" The answer is always
conditional on what your pages look like, what your hallucination tolerance is,
and what your pipeline needs to do with the extracted text.

The bottom line

The LLM-vs-OCR framing served a purpose when OCR meant Tesseract and LLMs
meant GPT-3. In 2026 it is a false dichotomy - the models people recommend as
"proper OCR" are themselves multimodal LLMs with vision encoders, cross-
attention layers, and autoregressive decoders.

The useful questions are:
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1. Specialist MLLM or general MLLM? MistralOCR vs Gemini 2.5 Pro -
trained on documents vs trained on everything.

2. Single model or hybrid pipeline? End-to-end simplicity vs modular
debuggability.

3. Can your pipeline tolerate silent hallucination? If not, you need a
deterministic stage (Tier 1) or a verification layer.

4. What do your actual pages look like? Clean invoices, messy scans,
handwritten notes, mixed languages - each tilts toward a different tier.

Match the tier to the tradeoff that matters most for your use case. The
taxonomy, not the label, is what determines whether your pipeline works in
production.


