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Abstract

We present OLMOCR, a fully open OCR sys-
tem developed through iterative public re-
leases and community feedback. The sys-
tem combines a 7B vision-language model
trained in two stages, supervised finetuning
on 260K diverse PDF pages followed by rein-
forcement learning with visual unit tests over
synthetic documents. Visual unit tests are
binary checks of structural fidelity, includ-
ing tables and equations, and serve both as
an interpretable evaluation framework and as
direct optimization targets. We also intro-
duce OLMOCR-BENCH, a benchmark of 1.4K
challenging PDFs evaluated via visual unit
tests, on which OLMOCR achieves state-of-
the-art performance among open systems and
proprietary APIs at a fraction of the cost. We
have deployed OLMOCR at scale to 100M+
PDFs to curate pretraining data for Olmo 3.
We share lessons from our open development
process and release all models, data, and code
across two major releases.

Models & Data • Code
Demo • Video

1 Introduction

Large language models require training corpora
of trillions of tokens (Yang et al., 2025), and
PDF documents are a valuable source of high-
quality text, such as scientific literature, gov-
ernment records, financial and legal documents,
books, and more. Yet the PDF format encodes
characters and spatial coordinates rather than log-
ical prose, making faithful extraction of running
text, tables, and formulas a persistent challenge.
Errors from noisy content extraction propagate
into training instabilities or degraded downstream
performance (Penedo et al., 2023; Li et al., 2024;
OLMo et al., 2024), while applications from in-
formation extraction (Kim et al., 2021) to read-
ing assistance (Lo et al., 2024) over user-provided
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Figure 1: Performance-to-cost of OLMOCR vs
baselines, including open and closed-source OCR-
specialized tools/models and prompted general VLMs.
Performance reported on OLMOCR-BENCH and Cost
using API pricing or GPU hourly rate.

documents depend on both character-level accu-
racy and structural fidelity of the extracted con-
tent (Mori et al., 1992; Smith, 2013).

In this paper we describe OLMOCR as a fully
open OCR project developed through iterative
public releases, deployment at scale, and commu-
nity feedback. OLMOCR v1 (Poznanski et al.,
2025a) showed that distilling a large proprietary
VLM into a specialized 7B model via super-
vised fine-tuning (SFT) could match proprietary
OCR systems at a fraction of the cost (Figure 1).
Deployment revealed persistent failure modes in
structured semantics, particularly complex ta-
bles and inline formulas, where SFT plateaued.
OLMOCR v2 (Poznanski et al., 2025b) addressed
structured semantic failures using reinforcement
learning with verifiable rewards (RLVR), optimiz-
ing directly against visual unit tests. Figure 2
presents a timeline situating our two major re-
leases relative to the ecosystem shift from general-
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Figure 2: Timeline of OLMOCR’s evolution from v1 through v2, situating it among the broader landscape of OCR
transitioning from general-purpose to smaller, specialized VLMs.

… in the table below:

<tr style="font-weight: bold;">
  <th>Model</th>
  <th>Size (if known)</th>
  <th>Score</th>
</tr>
<tr>
  <td>moOCR</td>
  <td></td>
  <td>0.4</td>
</tr>

PDF & HTML ground truth

Model Score

moOCR 0.4

Size 
(if known)

OCR models output 
<tr>
  <th style="font-weight: bold;">Model</th>
  <th style="font-weight: bold;">Size (if known)</th>
  <th style="font-weight: bold;">1</th>
</tr>
<tr>
  <td>moOCR</td>
  <td></td>
  <td>0.4</td>
</tr>

<tr style="font-weight: bold;">
  <th>Model</th>
  <th>Size (if known)</th>
  <th>Score</th>
</tr>
<tr>
  <td>moOCR</td>
  <td>0.4</td>
  <td></td>
</tr>

Model A

Model B

Model Score

moOCR 0.4

Size 
(if known)

PASS

Model Score
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Size 
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FAIL

Unit TestEdit Distance
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(a) Binary unit tests vs edit distance for table understanding. Model A applies bold style to individual cells rather than the
whole row, resulting in higher edit distance than Model B. Model B incorrectly sorts the two blue cells in the second row,
causing unit tests to fail. The table by Model A, despite HTML differences, is visually identical to the reference after rendering.

C_{T}\left(u_{n}^{T} X_{n}^{\text{Test }}, 
\bar{x}^{\text {Test }}\right)

C_T \left(u^T_n X^{\text{Test}}_n,
\overline{ \text{x}}^{\text{Test}}\right)

Model A

Model B

OCR models output 

37.84

9.33

Edit Distance

PASS

FAIL

Unit Test

following equation:
…represented by the

C_T \left(u^T_n X^{\text{Test}}_n,
\overline{ x}^{\text{Test}}\right)

PDF & LaTeX ground truth

(b) Binary unit test vs edit distance for math formula parsing. Model A produces LaTeX output that is worse on edit distance
than Model B output. However, Model B fails to visually represent symbol x in blue. After rendering the two model outputs
and comparing relative symbol positions against the reference equation, Model A passes the unit test, while Model B fails.

Figure 3: Comparison of two unit-test–based evaluations: (top) table understanding, and (bottom) math parsing.

purpose VLMs to specialized OCR models.
A central contribution of the project is

OLMOCR-BENCH, an evaluation suite built from
visual unit tests and continually expanded as new
failure modes were discovered. Visual unit tests
are binary checks of structural fidelity that serve
both as an interpretable benchmark, 7,000 hand-
verified tests across 1,400 documents, and as re-
ward signals for RL. By capturing real-world er-
rors as tests, we treated the benchmark as a de-
velopment suite, incrementally refining the system
through a tight feedback loop between evaluation
and training.

Intermediate releases between our two major
model versions also yielded substantial gains, as
we translated community-identified failures into

unit tests that could be added to our benchmark
and rapidly iterated on. Many of these failures
were actually efficiently tackled through engineer-
ing improvements, even without retraining. This
has allowed us to also provide a production-grade
inference stack for our VLMs, which we have
used to process 100M+ PDFs for pretraining of
Olmo 3 (Olmo et al., 2025). To put into per-
spective, OLMOCR scores 11.3 points higher on
OLMOCR-BENCH and is over 37× cheaper to de-
ploy than relying on GPT 4.1 API calls.

2 Evaluating OCR with Visual Unit Tests

Building a high-quality OCR system is an iterative
process. Each model revision exposes new fail-
ure modes that must be diagnosed, corrected, and
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Figure 4: Samples of pages across the unit test categories in OLMOCR-BENCH. Unit tests for categories on the
left (layout and formatting) check for output consistency, localization, and processing of simple text elements. Unit
tests on the center (structured semantic) assess ability to parse the position of complex symbols and table elements.
Unit tests on the right (degraded or scanned) ensure that lower fidelity content is parsed correctly.

verified. This requires an evaluation methodol-
ogy that supports incremental improvement, with
test coverage that can expand as new errors are
identified and with clear pass or fail criteria to
guide development. Instead of a static challenge
benchmark, we use an evaluation framework de-
signed for ongoing system refinement. We intro-
duce OLMOCR-BENCH, a suite of 7,000 hand-
verified binary tests across 1,400 documents, or-
ganized around structured content such as tables,
equations, reading order, and headers, where OCR
systems frequently fail.

2.1 Why Binary Unit Tests?

Edit distance, commonly used in OCR bench-
marks (Ouyang et al., 2024), has two limitations
for structured documents.

Unequal treatment of visually equivalent rep-
resentations. Floating elements such as tables,
captions, or footnotes lack a canonical ordering,
and structures like tables and formulas can be rep-
resented equivalently in different formats or im-
plementations (Figure 3a). Edit distance arbitrar-
ily rewards or penalizes these equivalent outputs.

Poor calibration to practical utility. Continu-
ous scores provide partial credit, but they are only
useful when aligned with actual quality. Figure 3b
shows two LaTeX representations where the lower
edit distance output fails to render correctly, while
the higher distance version produces the correct
visual result.

Binary unit tests avoid these issues by specify-
ing correctness through explicit pass or fail pred-
icates. New tests can be added as failure modes

are discovered, making the evaluation extensi-
ble. While recent work improves distance met-
rics for domains such as mathematics (Wang et al.,
2025b), designing well-calibrated continuous met-
rics across diverse document structures remains
difficult.

2.2 Unit test design

In OLMOCR-BENCH, each document is annotated
with a set of binary tests targeting specific struc-
tural properties. Each test is implemented as a
Boolean predicate over the model output. We or-
ganize tests into six categories reflecting common
OCR failure modes:

• Text Presence: Checks exact phrase extraction
(e.g., technical terms, names contained in OCR
output).

• Text Absence: Checks exclusion of undesirable
text (e.g., page number not in OCR output).

• Natural Reading Order: Checks acceptable
ordering of certain passages (e.g., phrase s1 in
earlier position in OCR output than s2 and s3
not between them.).

• Table Accuracy: Checks output tables contain
cells with specific values in relative cell posi-
tions (e.g., cell with “0.4” to right of cell with
“moOCR”).

• Math Formula Accuracy: Checks output math
formula’s KaTeX rendering visually matches
ground truth.
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• Robustness: Checks for non-presence of patho-
logical output (repeated n-grams, spurious char-
acters).

2.3 Creating OLMOCR-BENCH

We assemble OLMOCR-BENCH from seven doc-
ument categories that challenge modern OCR
systems, each with tailored acquisition and unit
test generation strategies: headers & footers, old
scans, multi-column layouts, long tiny text, arXiv
math, old math scans, and tables. Figure 4 shows
examples from all categories; detailed descriptions
of each category’s sourcing and test generation
procedures are in Appendix A.

Scoring For each PDF page that a model con-
verts to plain text, we evaluate against all (ap-
plicable) tests. Since tests are binary, we re-
port proportion of tests passed, macro-averaged by
OLMOCR-BENCH subset.

3 Training OLMOCR

We train OLMOCR through supervised fine-tuning
followed by reinforcement learning with visual
unit tests as rewards.

3.1 Supervised fine-tuning
We first adapt a general-purpose VLM through su-
pervised fine-tuning on diverse document images,
establishing strong baseline OCR capabilities.

We introduce olmOCR-mix-1025, a dataset
of 250,000 PDF pages from documents sourced
from two complementary collections: (i) 240 mil-
lion PDFs crawled from public websites, typi-
cally born-digital documents including academic
papers, legal documents, and brochures, and (ii)
10 million scanned historical documents from the
Internet Archive, Library of Congress and Na-
tional Archives, providing challenging handwrit-
ten and archival content.
We filter to retain only English documents, ap-
ply quality filters to remove low-quality or non-
parseable PDFs, globally deduplicate, and remove
any documents used for OLMOCR-BENCH (de-
tails in Appendix B). Figure 5 contains examples
and a rough breakdown of document types.

For supervision, we render each page to an
image and generate OCR output from GPT-
4.1, filtering low-quality output to go beyond
model distillation (Appendix B). We experi-
ment with Qwen2.5-VL-7B (Bai et al., 2025)
and Qwen-3VL-8B (Yang et al., 2025) as base

Academic55.9%

Brochure11.2%

Legal
10.2%

Books6.8%

Table5.6%

Diagram
4.7%

Slideshow1.9%

Other3.7%

Figure 5: Document types in olmOCR-mix-1025.

VLMs, fine-tuning each for one epoch on
olmOCR-mix-1025 (training details in Ap-
pendix B).

3.2 Reinforcement learning

We apply RLVR using visual unit tests as binary
rewards on synthetic documents, targeting cases
where supervised fine-tuning plateaus.

While OLMOCR-BENCH’s manually-verified
tests took hours to create, RL training requires
thousands of test cases with guaranteed accuracy.
We develop a scalable pipeline that generates syn-
thetic pages with verifiable ground truth by ren-
dering real PDF pages as HTML (Figure 6).

We create olmOCR2-synthmix-1025
(2,186 pages, 30,381 tests) through three stages:
(1) sampling diverse pages from real PDFs in the
same pool as olmOCR-mix-1025, (2) prompt-
ing a teacher VLM (Claude Sonnet 4) to iteratively
convert each page to semantic HTML, and (3)
programmatically generating unit tests from the
HTML structure. For example, extracting table
cells for accuracy tests or using DOM traversal
order for reading order tests. This pipeline costs
$0.12 USD per page, orders of magnitude cheaper
than manual annotation. Starting from our SFT
checkpoint, we apply GRPO (Zheng et al., 2025)
for one epoch on olmOCR2-synthmix-1025,
using the proportion of unit tests passed per page
as reward (training details and reward illustration
in Appendix C).
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Figure 6: HTML page generation for our OLMOCR
synthetic data pipeline. We sample a page from a real
document (left) and iteratively prompt a general VLM
to generate a similar HTML page (right). The rendered
HTML page image paired with unit tests derived from
semantic HTML serves as our RLVR signal.
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Figure 7: Impact of SFT and RLVR on OLMOCR-
BENCH categories. Stacked bars show base VLM per-
formance (dark), gains from SFT (purple), and addi-
tional gains from RLVR (pink). SFT improves lay-
out/formatting tasks most; RLVR specifically boosts
structured semantic categories (ArXiv, Tables).

4 Results

Table 1 compares OLMOCR against baseline
OCR tools and general VLMs on OLMOCR-
BENCH. OLMOCR achieves an overall score of
82.3%, outperforming all general-purpose VLMs
and specialized OCR systems at comparable cost.
Chandra OCR performs similarly (83.1%) but at
24× the computational cost ($4,000 vs. $165).
Among similarly priced systems, OLMOCR ex-
ceeds DeepSeek-OCR by 6.6 points (82.3% vs.
75.7%). Full category-level results are provided
in Appendix D.

Score Cost Wts Data Train

Qwen 2 VL 7B 61.3 $314
Qwen 3 VL 8B 61.4 $234
MinerU 1.3 61.5 $595
Gemini 2.5 Flash 62.1 $1,042
Qwen 2.5 VL 7B 64.5 $165
Nanonets OCR S 64.5 —
Gemini Flash 2 66.3 $342
Nanonets OCR2 3B 69.5 $702*
GPT-4o 69.7 $7,951
Marker 1.7.5 70.1 $1,492
GPT-4.1 71.0 $6,112
Mistral OCR API 72.0 $1,000
MinerU 2.5 75.2* $182*
DeepSeek-OCR 75.7 $167*
MonkeyOCR 3B 75.8* —
Marker 1.10 76.1 $1,492*
Infinity-Parser 7B 79.1* —
dots.OCR 79.1* —
PaddleOCR-VL 80.0* $315*
Chandra 0.1 83.1* $4,000*

OLMOCR v1 0225 68.2 $176
OLMOCR v1 0825 78.5 $165
OLMOCR v2 1125 82.3 $165

Table 1: Comparison of OCR systems on OLMOCR-
BENCH. Score = OLMOCR-BENCH accuracy; Cost =
estimated USD to process 10,000 pages; Wts = model
weights and inference code; Data = training data; Train
= training code. * = reported by authors.

5 Deployment at Scale

OLMOCR is released as a production-ready
CLI tool. Quantized to FP8 and served with
vLLM (Kwon et al., 2023), it processes approx-
imately 3,500 tokens per second on a single
H100 GPU, or about $165 per 10K pages. For
pretraining-scale workloads, workers coordinate
via lock files on a shared filesystem, allowing hun-
dreds of instances to process a common document
pool without duplication. Using this setup, we
processed over 100M PDFs, totaling roughly 1T
tokens, to construct pretraining data for OLMo
3 (Olmo et al., 2025), demonstrating OLMOCR’s
reliability at web scale.

6 Lessons from Open Development

Engineering iteration can rival modeling im-
provements. Many of the largest quality gains
came not from retraining models, but from engi-
neering fixes surfaced through real-world deploy-
ment and community feedback. Switching the out-
put format from JSON to YAML reduced page-
level retry rates from roughly 40% to around 1%,
because the model no longer needed to manage
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nested quoting and could simply emit an EOS to-
ken. Dynamic temperature scaling, which starts
at 0.1 for quality and retries failed pages with in-
creasing temperature up to 0.8, improved overall
score by approximately 0.3 absolute points over
fixed-temperature decoding while reducing failure
rates to near zero, about 0.01%. Other practi-
cal adjustments, including automatic rotation cor-
rection, matching prompt element order between
training and inference, and tuning image resolu-
tion to 1288px on the longest edge, further im-
proved robustness without retraining. These engi-
neering refinements account for much of the 10.3-
point improvement between OLMOCR v1 0225
(68.2%) and v1 0825 (78.5%). These issues were
identified by users running OLMOCR at scale, and
resulting fixes were fast and easy to implement.

SFT and RLVR address different failure
modes. Supervised fine-tuning (SFT) and re-
inforcement learning with verifiable rewards
(RLVR) play complementary roles in OCR
quality, as shown in Figure 7. SFT on
olmOCR-mix-1025 delivers the largest gains
on layout and formatting challenges such as multi-
column layouts, headers and footers, long tiny
text, and degraded scans. RLVR primarily im-
proves structured semantic categories such as
math formulas and complex tables, where binary
unit-test rewards directly optimize fine-grained
structural correctness. The overall 5.3-point gain
from RLVR comes largely from these categories.

The degraded subsets serve as a generaliza-
tion test. On Old Scans, SFT provides substan-
tial gains while RLVR adds little, suggesting that
heavily degraded text is mainly a recognition prob-
lem. In contrast, Old Math Scans benefits strongly
from RLVR, consistent with our finding that RL
improves formula-level structural fidelity even in
scanned documents. Overall, SFT improves docu-
ment robustness, while RLVR sharpens structured
semantics.

Binary unit tests enable iterative, targeted
improvement. Binary visual unit tests provide
clear, interpretable pass or fail signals that are
easy to extend as new failure modes emerge. Un-
like continuous distance metrics, they make it
straightforward to diagnose regressions, add new
coverage, and directly optimize against evalua-
tion criteria. Their dual role as both benchmark,
OLMOCR-BENCH, and RL reward creates a tight
feedback loop between evaluation and training.

Combined with synthetic HTML generation, this
framework allows structured supervision to scale
cheaply and enables targeted optimization for spe-
cific issues such as rowspan and colspan tables dis-
covered during deployment.

7 Related Work

Traditional OCR systems rely on multi-stage
pipelines combining layout detection, text recog-
nition, and structure parsing (Mori et al., 1992;
Smith, 2013). Modern open-source toolkits such
as MinerU (Wang et al., 2024), Marker (Paruchuri,
2025b), and PP-OCRv5 (Cui et al., 2025) extend
this paradigm by composing specialized models
for document layout, table extraction, and formula
recognition.

More recently, vision-language models (VLMs)
have enabled end-to-end OCR by directly generat-
ing structured text from page images. Early sys-
tems such as Nougat (Blecher et al., 2023) and
GOT-OCR (Wei et al., 2024) demonstrated this ap-
proach for scientific documents, while proprietary
models such as GPT-4o (OpenAI et al., 2024)
showed strong general document understanding.
OLMOCR v1 (Poznanski et al., 2025a) distilled
such capabilities into a small open 7B VLM via
supervised fine-tuning.

Several works explore reinforcement learn-
ing to further improve VLM-based OCR. Infin-
ity Parser (Wang et al., 2025a) applies GRPO
with edit-distance rewards on synthetic HTML;
DianJin-OCR-R1 (Chen et al., 2025) incorporates
reasoning-oriented RL; and related work uses RL
signals for document QA (He et al., 2025; Xiong
et al., 2025). In contrast, OLMOCR v2 uses bi-
nary visual unit tests as reward signals, aligning
optimization directly with structured correctness
rather than continuous distance metrics.

8 Conclusion

We presented OLMOCR, a fully open OCR sys-
tem built through iterative release and community
feedback. From v1, which showed that a 7B VLM
trained with SFT can match proprietary OCR sys-
tems, to v2, which added RLVR with visual unit
tests to address structured visual-textual failures,
we made steady improvements through tight cou-
pling between evaluation and training. By releas-
ing models, data, benchmarks, and production-
grade infrastructure, we established an open feed-
back loop built on real-world adoption.
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A Benchmark Document Categories

We describe the seven document categories in
OLMOCR-BENCH, including sourcing and test
generation.
• Headers Footers (HF) Academic PDFs (§3.1)

processed with DocLayout-YOLO (Zhao et al.,
2024) to detect non-content (abandon) re-
gions. After masking content, a proprietary
VLM extracts text from unmasked regions. We
define absence tests within the first/last N char-
acters (e.g., ensuring a page number “5” does
not appear in the last 20 characters).

• Old Scans (OS) Historical letters and typewrit-
ten documents from the Library of Congress
with human transcriptions. We create text pres-
ence/absence and reading order tests, all manu-
ally reviewed.

• Multi Column (MC) Multi-column academic
PDFs identified visually. Claude Sonnet 3.7 ren-
ders pages to HTML to extract ordered text seg-
ments, which are manually verified. Tests use
simple coherent text blocks and exclude math,
superscripts, and subscripts.

• Long Tiny Text (LTT) Dense small-print doc-
uments (e.g., dictionaries) from the Internet
Archive. GPT-4o extracts passages for text pres-
ence tests, followed by manual verification.

• arXiv Math (AM) Math papers with paired La-
TeX and PDFs. We align OCR output with
source formulas, ensure KaTeX compatibility,
remove custom macros, split compound equa-
tions, and manually review.

• Old Math Scans (OMS) Public domain text-
books from the Internet Archive. Formula-
heavy pages are selected and equations manu-
ally annotated as ground truth.

• Tables (TA) Academic PDFs filtered from our
repository (§3.1). Gemini-Flash-2.0 gener-
ates cell relationship tests from sampled tables,
which are manually verified, including complex
rowspan/colspan cases.

B SFT Data and Training Details

Data filtering pipeline. We apply Lin-
gua (Emond, 2025) to retain only English
documents and remove PDFs that fail pypdf
parsing, contain spam keywords, contain fillable
forms, or have insufficient text. We globally
deduplicate documents using the source URL

and remove any documents that were used for
OLMOCR-BENCH. We sample up to three pages
uniformly at random from each qualifying PDF.

OCR target filtering. For supervision, we gen-
erate OCR output from GPT-4.1 and filter low-
quality output. We exclude pages when LaTeX
formulas or HTML tables failed to properly ren-
der, or when output was Markdown (which does
not support rowspan/colspan) instead of HTML,
among others.

Training hyperparameters. Training takes 22
hours on a single B200 GPU. We take advantage
of the 192GB of GPU RAM to avoid the complex-
ity of any FSDP sharding, and run a full finetune
with batch size of one and gradient accumulation
of 32. We cap the maximum length of each sample
to 8,192 tokens, and use a learning rate of 2e−5

with a linear decay schedule with 10% warmup.
We use AdamW (Loshchilov and Hutter, 2019)
with weight decay 0.01 and a gradient norm cap
of 1.0.

C RLVR Training Details

GRPO enables efficient on-policy learning by
scoring multiple completions per input and us-
ing relative performance within each group to
compute policy gradients, avoiding the need for
a separate value model. For each page in
olmOCR2-synthmix-1025, we generate 28
completions and score each using the proportion
of visual unit tests passed (between 0.0 and 1.0).

We train for one epoch on
olmOCR2-synthmix-1025 using an 8×H100
GPU node. We use the TRL library (von Werra
et al., 2020) with KL divergence coefficient
β = 0.01 to prevent excessive drift from the SFT
model. We soup our released model out of six
random seeds.

D Full Benchmark Results

Table 2 provides the full category-level break-
down.

E Pricing Calculations

Costs were computed using publicly listed API
pricing (Nov 2025): GPT-4o at $1.25/$5.00
per million input/output tokens, GPT-4.1 at
$1.00/$4.00, Gemini Flash 2.0 at $0.05/$0.20,
Gemini Flash 2.5 at $0.15/$1.25, Mistral OCR
API at $1 per 1,000 pages, and Chandra OCR
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Layout / Formatting Structured Semantic Degraded or Scanned

Model Cost Overall Base Multi
column

Long
tiny
text

Headers
& footers

Arxiv
Math Tables Old

scans

Old
Math
Scans

Prompting General VLMs

Gemini-2.0-Flash $342 66.3 ± 1.2 99.1 63.5 80.3 35.0 73.9 75.6 31.0 71.6
Gemini-2.5-Flash $1,042 62.1 ± 1.1 82.1 54.8 34.4 85.9 66.6 61.6 42.2 69.2
GPT-4o $7,951 69.7 ± 1.1 97.6 71.9 56.8 92.0 53.1 70.4 40.5 75.3
GPT-4.1 $6,112 71.0 ± 1.2 99.0 72.5 60.2 93.6 53.7 72.7 41.4 74.9
Qwen2-VL-7B-Instruct $314 61.3 ± 1.1 87.4 60.6 48.6 75.0 63.0 56.7 34.0 64.8
Qwen2.5-VL-7B-Instruct $165 64.5 ± 1.1 96.5 62.8 46.8 74.5 67.9 59.2 37.8 70.1
Qwen3-VL-8B-Instruct $234 61.4 ± 1.0 93.0 64.8 38.2 64.3 70.1 49.6 35.0 75.8

OCR tools or OCR-specialized VLMs

Mistral OCR API $1,000 72.0 ± 1.1 99.4 71.3 77.1 93.6 77.2 60.6 29.3 67.5
MinerU 1.3.10 (Wang et al., 2024) $595 61.5 ± 1.1 96.6 59.0 39.1 96.6 75.4 60.9 17.3 47.4
dots.OCR* (RedNote HiLab, 2025) — 79.1 ± 1.0 99.5 82.4 81.2 94.1 82.1 88.3 40.9 64.2
Infinity-Parser 7B* (Wang et al., 2025a) — 79.1±? 98.9 82.9 84.6 92.5 87.2 69.3 48.5 69.0
Marker 1.7.5 (Paruchuri, 2025b) $1,492 70.1 ± 1.1 99.1 72.9 84.6 84.9 76.0 57.6 27.8 57.9
Marker 1.10.1 (Paruchuri, 2025b) $1,492* 76.1 ± 1.1 99.3 80.0 85.7 86.6 83.8 72.9 33.5 66.8
MinerU 2.5.4* (Niu et al., 2025b) $182* 75.2 ± 1.1 93.7 78.2 83.5 96.6 76.6 84.9 33.7 54.6
PaddleOCR-VL* (Cui et al., 2025) $315* 80.0 ± 1.0 98.5 79.9 85.7 97.0 85.7 84.1 37.8 71.0
Nanonets-OCR2-3B (Mandal et al., 2025) $702* 69.5 ± 1.1 99.6 81.9 93.0 32.1 75.4 86.8 40.9 46.1
DeepSeek-OCR* (DeepSeek-AI, 2025) $167* 75.7±? 99.8 66.4 79.4 96.1 77.2 80.2 33.3 73.6
Chandra OCR 0.1.0* (Paruchuri, 2025a) $4,000* 83.1 ± 0.9 99.9 81.2 92.3 90.8 82.2 88.0 50.4 80.3

OLMOCR v1 (Feb 2025 original release) $176 68.2 ± 1.1 97.9 67.6 54.8 93.4 63.3 62.3 38.6 67.5
OLMOCR v1 (August 2025 update) $165 78.5 ± 1.1 98.9 77.3 81.2 95.1 78.6 72.9 43.9 79.9
OLMOCR v2 (Nov 2025 release) $165 82.3 ± 0.9 99.9 83.1 83.0 95.8 83.3 85.2 47.5 80.8

Table 2: Our full recipe vs baseline performance on OLMOCR-BENCH. Results are fully reproduced by ourselves,
except those marked with * which are reported by their authors. In cases where our reproduction was lower than
reported, we use the reported scores. Pricing breakdown based on API costs or hourly GPU rates, which we detail
in Appendix E.

API at $4 per 1,000 pages. For locally run mod-
els, we use GPU on-demand rates from RunPod
(Oct 2025): L40S $0.79/hr, A100 $1.39/hr, H100
$2.69/hr. MinerU 1.3.10 processed 1,288 pages
in 58 minutes on an L40S; Marker v1.7.5 pro-
cessed 10K pages in 5h31m on an H100 (with
force ocr); OLMOCR processed 10K pages
in 36m47s on a single H100 with FP8 quanti-
zation. OLMOCR-7B and Qwen2.5VL use the
same setup and cost assumptions; Qwen3VL cost
is scaled by measured throughput ratio (2,100
vs 3,100 tok/s on H100). When local replica-
tion was infeasible, we report benchmark and
performance numbers from the original papers:
MinerU 2.5.4 (Niu et al., 2025a), PaddleOCR-
VL (Cui et al., 2025), Nanonets-OCR2-3B (Niu
et al., 2025a), DeepSeek-OCR (DeepSeek-AI,
2025). All reported costs reflect batch-mode pric-
ing where available.
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