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Abstract

We present HunyuanOCR-1.5, a lightweight and end-to-end OCR-specialized vision-
language model. HunyuanOCR targets a broad range of text-centric visual tasks, uni-
fying document parsing, text spotting, information extraction, text-image translation, and
multi-image document understanding within a single end-to-end VLM. Building upon the
validated lightweight architecture of HunyuanOCR-1.0, HunyuanOCR-1.5 does not redesign
the model backbone, but instead performs a systematic upgrade around two goals: making
the model faster and better. For efficiency, we adapt DFlash inference acceleration to OCR
decoding, significantly reducing the decoding latency of long structured outputs such as
dense documents, tables, and formulas while preserving the output distribution. Powered
by DFlash, HunyuanOCR-1.5 achieves a 6.33peedup in Transformer inference and a
2.14 speedup under vLLM, delivering the fastest inference speed among all lightweight
OCR VLMs. For capability, we propose Agentic Data Flow, an agent-driven data con-
struction system that transforms model weaknesses into executable data requirements and
autonomously performs material search, quality verification, and data pipeline develop-
ment. Through this framework, we significantly enhance the model’s long-tail capabilities
across ancient-script OCR, fine-grained chart and table parsing, multi-image text-centric
QA, low-resource multilingual parsing, and document hallucination evaluation. Crucially,
HunyuanOCR-1.5 stands as the top-tier end-to-end OCR solution on OmniDocBench
v1.6, paired with unrivaled inference efficiency and new performance milestones across
the aforementioned long-tail domains. Combined with an upgraded pretraining and post-
training recipe, HunyuanOCR-1.5 further extends the capability boundary of the model in
high-resolution, long-context, and multi-task scenarios. We characterize these upgrades
through a capability-oriented evaluation, and experiments show that HunyuanOCR-1.5
achieves both faster inference and broader OCR capability coverage while retaining the
deployment advantages of a lightweight end-to-end model. We will release the model
weights and training code to the community to promote the research, reproduction, and
real-world application of OCR-specialized vision-language models.

1 Introduction

Visual text serves as the most ubiquitous and dense carrier of human knowledge. For decades, Optical Character
Recognition (OCR)1, 2] has been the foundational technology for digitizing this information, traditionally
functioning as a simple text transcription tool. However, as the demand for machine intelligence grows, this
narrow definition is no longer sufficient. Modern applications require a comprehensive interface capable of

supporting diverse text-centric visual tasks, ranging from document paBsifpgnd information extraction to
visual question answerin@]| text-image translation7] 8], and multi-image document understandifg10].
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To tackle these complex tasks, traditional cascaded pipelines relying on disjointed modules for detection,
recognition, and downstream processing often struggle with error propagation and architectural redundancy. In
contrast, the development of vision-language models (VLNMI$)}27] has paved the way for an elegant, end-to-

end alternative. Driven by this trend, the community is developing OCR-specialized VLMs. These models are
expected to tackle OCR as a unified visual-text understanding problem, where fine-grained perception, layout
modeling, structured generation, and semantic reasoning are jointly performed within a single architecture.

However, most existing OCR-specialized VLMs are still primarily designed around document parsing, with
the objective often restricted to converting a single page into structured outputs such as Markdown, HTML,
or LaTeX. While document parsing is indeed one of the core OCR capabilities, the demands of real-world
OCR go far beyond it, including text spotting in open scenarios, structured field extraction, question answering
grounded in textual images, multilingual text-image translation, and reasoning across multiple pages or images.
Fundamentally, a true OCR-specialized model should not be reduced to a mere document parser, but should be
a unified end-to-end model covering diverse OCR tasks.

HunyuanOCR-1.078] has validated the feasibility of this philosophy: a lightweight, end-to-end OCR-
specialized VLM that achieves leading performance across document parsing, text spotting, information
extraction, visual question answering, and text-image translation. It demonstrated the effectiveness of unifying
OCR capabilities within a compact architecture and highlighted the crucial role of high-quality OCR data and
task-oriented training strategies in building practical OCR systems. Building on this foundation, HunyuanOCR-
1.5 does not pursue a redesign of the model architecture, but instead addresses a more deployment-oriented
guestion: on top of the validated HunyuanOCR framework, how can the model become faster and better?

Faster: DFlash-based inference acceleration. End-to-end OCR is often accompanied by long autoregressive
decoding P9]. In scenarios such as dense documents, tables, formulas, and long structured outputs, the
decoding overhead becomes a major bottleneck in practical deployment [30]. To this end, HunyuanOCR-1.5
introduces a speculative decodirgff35] framework based on DFlasiB§] for inference acceleration: a
lightweight block-diffusion B7-39] draft model drafts multiple candidate tokens in parallel, which are then
verified by the target model in a single pass. While preserving the output distribution of the target model, this
significantly improves decoding efficiency for long outputs, achievieg3@ speedup with Transformers and
a2:14 speedup with vVLLM in our evaluation, making the model more practical in real-world deployment
environments that demand both accuracy and speed. Beyond server-grade deployment with@] LM [
HunyuanOCR-1.5 also supports PC-side inference through llamal&éhehabling deployment on CPUs,
consumer GPUs, and laptops.

Better: Agentic data flow and refined training recipes. Driven by comprehensive upgrades on both the

data and training sides, HunyuanOCR-1.5 establishes itself as the SOTA end-to-end OCR solution on
OmniDocBench v1.6. To achieve this capability boundary extension, we propose Agentic Data Flow on the
data side, an agent-driven data-construction system that translates model weaknesses into executable data
requirements42-44]. Different from conventional pipelines that rely entirely on manually written scripts

and manually collected materials, Agentic Data Flow allows agents to deeply participate in material search,
tool-based verification, sample cleaning, and data pipeline development, and to iterate in a closed loop with
algorithm engineers. In HunyuanOCR-1.5, this system is used for targeted data construction of long-tail
capabilities such as low-resource OCR, ancient-script OCR [4], and multi-image QA [9, 10].

On the training side, we systematically upgrade the training recipe around capability boundary extension. In
the pretraining stage, we revisit and re-plan Stage3 of HunyuanOCR-1.0, incorporating the new capability data
produced by Agentic Data Flow, multi-image data, and historical OCR data, while increasing the maximum
image resolution to 4K and extending the context window to 128K, so that the model can robustly adapt to
high-resolution documents, long contexts, and multi-page or multi-image inputs. In the post-training stage, we
refine the SFT data and introduce new high-quality training data and further explore RL across different OCR
tasks to amplify the gains brought by reinforcement learning.

To systematically characterize the practical benefits of these upgrades, HunyuanOCR-1.5 is evaluated from a
capability-oriented perspective rather than relying on a single benchmark. The evaluation covers both inherited
and newly added capabilities, including end-to-end document paidjingxt spotting, multiingual OCR,
ancient-script recognitiord], text-image translatiori7} 8], multi-image QA P, 10], information extraction, and
hallucination-related reliability. This evaluation perspective is aligned with the design goal of HunyuanOCR-
1.5: extending HunyuanOCR into a faster and more comprehensive unified end-to-end OCR-specialized VLM.
In addition, we plan to release all the model weights and training code of HunyuanOCR-1.5 to the community,
providing infrastructure for reproducing, fine-tuning, and extending OCR-specialized VLMs, and further
promoting research and applications in OCR perception, document understanding, and multi-task modeling.



The main contributions of this report are summarized as follows:

We present HunyuanOCR-1.5, an upgraded lightweight end-to-end OCR-specialized VLM that further
extends diverse OCR task capabilities on top of HunyuanOCR-1.0, and we plan to release the model weights
and training code to support community reproduction, fine-tuning, and capability extension.

We adapt DFlash to HunyuanOCR inference and support PC-side deployment through llama.cpp, signifi-
cantly improving the decoding efficiency of long structured OCR outputs while enabling both server-grade
and local OCR deployment.

We propose Agentic Data Flow and systematically upgrade the training recipe: an agent-driven data system
produces long-tail capability data such as low-resource OCR, ancient-script OCR, and multi-image QA; in
pretraining, we re-plan Stage3 and extend to 4K resolution and a context of 128K; and in post-training, we
improve the capability ceiling through high-quality SFT data and task-specific RL exploration.

2 Related Work

General vision-language models. Recent general VLMs have demonstrated strong multimodal perception
and reasoning abilities and have shown promising OCR-related capabilities in diverse visual scenarios.
Representative models, such as GPT-4H,[Gemini [12-16], Qwen-VL [17-20], and InternVL R1-27],

can recognize text in natural images, documents, charts, and screenshots and further perform text-centric
guestion answering or reasoning based on visual content. However, these models are primarily designed as
general-purpose multimodal assistants rather than OCR-specialized systems. As a result, they often require
large model sizes and high inference costs, and their performance may become unstable in OCR-intensive
scenarios that require fine-grained text perception, dense document parsing, strict reading order preservation,
or faithful structured output. In addition, general VLMs are not explicitly optimized for deployment-oriented
OCR workloads, especially high-resolution long-document parsing and large-scale production serving.

OCR-specific vision-language models. To address the limitations of general VLMs in OCR-centric scenarios,
recent works have explored OCR-specific vision-language mo#@lg45$, 46]. Most existing OCR expert

VLMs are primarily designed for document parsidd450], aiming to convert page-level document images

into structured outputs such as Markdown, HTML, or LaTeX. In addition to large OCR expert models, recent
lightweight designs have also shown promising results. For example, UniRec81Jl@pfimizes a compact
0.1B-parameter model for text blocks and formula blocks, demonstrating competitive OCR performance under
a highly lightweight setting. According to their modeling paradigm, OCR-specific VLMs can be roughly
divided into modular and end-to-end approaches. Modular methods usually cascade a layout analysis model
before OCR recognition: a page-level document is first decomposed into block-level regions, and each block
is then parsed by an OCR VLM. Such designs can reduce the difficulty of local parsing through region-level
cropping, but the overall pipeline still depends on the preceding layout analysis results and may suffer from
errors in region detection, reading-order recovery, and cross-block relation modeling. In contrast, end-to-end
OCR-specific models directly model page-level documents and parse the entire page image within a unified
framework, with representative examples including dots.58rdnd DeepSeek-OCR]. This paradigm

avoids explicit layout splitting and the associated error propagation, allowing the model to jointly capture
text, tables, formulas, charts, and reading order in the full-page context. Therefore, end-to-end modeling is
more beneficial for improving the native OCR capability of VLMs. We argue that an OCR-specialized VLM
should not be defined only as a document parsing model but should support a broader range of OCR-related
tasks, including text spotting, information extraction, document question answering, text-image translation,
and multi-image understanding. HunyuanOCH] ffollows the lightweight end-to-end OCR-specific VLM
paradigm, and HunyuanOCR-1.5 further extends this direction by keeping the validated architecture unchanged
while improving capability boundaries through data construction, recipe upgrades, and inference acceleration.

Multi-token prediction. Autoregressive decoding?d] is a key latency bottleneck for long-output OCR
scenarios such as document parsing, table reconstruction, and formula transcription. Speculative decoding
accelerates generation through a draft-then-verify paradigiy where candidate tokens proposed by a
lightweight draft model are verified by the target model while preserving the original output distribution.
However, many speculative methods still rely on autoregressive drafting, so the draft cost grows with the
number of proposed tokens. Recent parallel drafting methods, such as multi-head pre8;tidh §nd
diffusion-based generation, aim to predict multiple future tokens simultaneously. Among them, [¥&lash [
trains a block-diffusion draft model conditioned on target-model hidden states, enabling an entire candidate
block to be proposed in one parallel forward pass and then verified by the target model. This makes DFlash
well-suited for HunyuanOCR-1.5, where OCR-centric generation often produces long and structured outputs.
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Figure 1: Overview of the HunyuanOCR-1.5 architecture. A compact end-to-end model that unifies diverse
OCR-centric capabilities, including document parsing, text spotting, information extraction, OCR-aware QA,
ancient-script recognition, chart parsing, image translation, and video subtitle extraction.

3 Model Design

3.1 Model Architecture

HunyuanOCR-1.5 follows the compact, fully end-to-end architecture of HunyuanOCRSE,.@¢mprising a
native-resolution visual encoder, an adaptive MLP connector, and a lightweight language model (Fig. 1). The
pivotal upgrade in the model backbone lies in the visual encoder: built upon Hunyua®6/i37], we extend

the maximum input image resolution from 2K to 4K. This crucial scaling allows the model to preserve native
aspect ratios and spatial layouts while capturing finer structural details, which is instrumental for processing
highly dense documents, oversized tables, and complex charts.

The remaining components maintain their validated lightweight configurations to ensure deployment efficiency.
The adaptive MLP connector compresses high-resolution visual features into compact tokens while preserving
layout sensitivity. Concurrently, the language component, a lightweight Hunyuan-0.5B model with XD-
ROPE B8], processes these tokens to autoregressively generate structured OCR outputs. Through this
streamlined formulation, HunyuanOCR-1.5 directly maps multi-modal inputs into diverse OCR-centric outputs
(e.g., Markdown documents, HTML tables, LaTeX formulas, and chart descriptions) without relying on any
task-specific post-processing modules.

3.2 Multi-token Prediction

Autoregressive decodin@$] is a major efficiency bottleneck for end-to-end OCR-centric VLMs, especially in
document parsing scenari@s/F50] that require long structured outputs, such as dense tables, multi-column
documents, and long formulas. Although speculative decodiv3p] reduces latency by drafting multiple
candidate tokens and verifying them with the target model, many existing methods still generate draft tokens
autoregressively, making the draft cost grow with the number of candidates. To address this limitation,
HunyuanOCR-1.5 adopts DFlasBg, which uses a lightweight block-diffusion draft model to predict a block

of candidate tokens in one parallel forward pass. Given a blockBsjzke draft model proposégs s at once,

and the target model verifies the block in parallel and accepts the longest valid prefix, preserving the output
distribution of the target model.

During training, the HunyuanOCR-1.5 target model is frozen, and only the DFlash draft model is optimized.
For each training sequence, we first run the target model once and cache its hidden states as conditional
representations. We then randomly sample K anchor positions, each corresponding to an independent block-
drafting task. ThesK blocks are concatenated and trained in a single forward pass with a FlexAtte&s8jon |
block-diagonal mask, where each block can attend to the target hidden states before its anchor and to the mask
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Figure 2: Overview of DFlash training with a joint FlexAttention mask. One target forward is performed,
K anchors are sampled at random positions, anld dllocks attend in a single pass. Rows denote Query
tokens, and columns denote Key/Value tokens.

tokens within the same block, while different blocks remain isolated, as shown in Fig. 2. We use ground-truth
continuation tokens as labels and optimize a position-weighted next-token cross-entropy loss:

w? =1k >0] I[valid] exp( max(k 1;0)=); (1)
1 X & h . i X s
Loresh = > w) logp Y jha,;mly ; z= w 2)
j=1 k=1 =1 k=1

whereg; is thej -th anchor positionh<, , denotes the target hidden states before the ann’nﬁg, denotes the

mask-token queries of the draft block, eyﬁB is the ground-truth continuation token. The weight excludes the
anchor token and invalid positions, while the exponential decay reduces the loss weight for farther positions
that are harder to predict. In our implementation, the DFlash draft model has approximately 90.7M parameters,
uses block siz8 = 16, samplek = 16 anchors per sequence, sets7:0 , and is implemented as a 5-layer
Transformer initialized from the last 5 decoder layers of the target model.

Discussion. DFlash36] accelerates inference by trading otherwise underutilized computation for fewer
autoregressive decoding steps. In single-request or low-concurrency scenarios, target-model AR decoding
is often memory-bandwidth-bound, leaving a considerable amount of compute idle. DFlash leverages this
idle compute to produce a block of draft tokens through a lightweight parallel forward pass, so that each
target-model verification step can advance multiple tokens, thereby increasing the effective number of accepted
tokens per target forward pass. This property is particularly beneficial for OCR outputs with strong local
regularity, such as HTML tables, formulas, and structured Markdown parsing results, where future tokens are
more predictable, and the accepted prefix length tends to be longer. As shown in §7.1, the acceleration ratio
increases with output length and becomes significant for long, highly structured OCR generation tasks.

4 Agentic Data Flow

The capability boundary extension of HunyuanOCR-1.5 is not achieved by simply scaling up data volume,
but is instead driven by a data construction system explicitly oriented toward addressing model weaknesses.
We refer to this system as Agentic Data Flow. It takes concrete capability gaps, such as insufficient coverage
of low-resource languages, weak perception of ancient scripts, lack of multi-image document understanding,
and insufficient hard cases in complex scenarios, and systematically converts them into executable data
requirements that further drive the subsequent data production loop.
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Figure 3: Overview of Agentic Data Flow. An agent-driven data construction system, instantiated in three
capability-expansion tasks: low-resource OCR, ancient-script OCR, and multi-image QA.

4.1 Agentic Data Flow Pipeline

We equip the agent with tool-calling structures and usage instructions, enabling access to web search, OCR
services, vision-language model services, file processing scripts, image cleaning tools, and data generation
tools. Algorithm engineers provide target capability requirements in natural language, such as constructing
synthetic data for low-resource OCR, generating ancient-script parsing samples, mining failure cases of
HunyuanOCR-1.0, or constructing multi-image QA data. The agent autonomously decomposes the task,
determines the required materials, tool calls, scripts, and quality criteria, and interacts with algorithm engineers
during data production. By inspecting intermediate samples, identifying quality issues, and adding constraints,
algorithm engineers iteratively refine the data pipeline, eventually forming a reusable workflow for the target
weakness. Within this loop, as illustrated in Fig. 3, the agent mainly undertakes three key operations.

Material search and organization. The agent autonomously invokes web search and other tools to collect
materials required for data construction. For low-resource OCR, it searches for multilingual text corpora,
TTF font files, and rendering backgrounds. For ancient-script OCR, it searches for fonts related to the seven
historical forms of Chinese characters, as well as backgrounds with ancient-book or historical-document styles.
For multi-image QA, it mainly searches and organizes multi-page PDF documents and uses PDF tools to
extract page-level text and structural information as the basic context for subsequent QA generation. Compared
with manual collection, the agent can organize scattered resources into structured material directories and
maintain mappings among corpora, fonts, backgrounds, PDF documents, and other resources.

Tool-assisted material cleaning and quality verification. Beyond material collection, the agent further
invokes tools to clean and refine the collected resources. For image backgrounds, it can call HunyuanOCR-
1.0 [28] and Qwen3.5 §0] services for automatic inspection, filtering out candidate images that contain
interfering text, overly complex foreground objects, or unstable visual quality, thereby maintaining high-
quality text-free backgrounds suitable for synthesis. For fonts, the agent tests the rendering compatibility
of candidate TTF files for the corresponding languages or scripts and maintains the supported rendering
vocabulary of each font. For hard-case mining, the agent can run HunyuanOCR-1.0 inference on candidate
images in batch and automatically maintain hard-sample sets according to parsing results such as missed
recognition, structural disorder, table parsing failure, and incorrect multi-column reading order.

Weakness-oriented data pipeline development and iteration. After the materials are prepared, the agent
autonomously develops data production pipelines for specific weakness topics. It creates data projects, writes
rendering or QA generation scripts, organizes material paths, defines task formats, and progressively supports
different layout renderings, background combinations, degradation augmentations, and output schemas. During
development, the agent continuously interacts with algorithm engineers: it first generates initial demos and then
performs multiple rounds of revision based on feedback regarding layout quality, visual realism, task difficulty,
label format, and data diversity. As iteration proceeds, the pipeline gradually evolves from a single-template
prototype into a data production system supporting multiple layouts, augmentations, and task formats.



4.2 Instantiation on Capability-Expansion Tasks

Through the above mechanism, Agentic Data Flow connects model weakness identification, material construc-
tion, data cleaning, pipeline development, and training data injection into a closed loop. In HunyuanOCR-1.5,
we instantiate this system in three representative capability-expansion tasks: low-resource OCR, ancient-script
OCR, and multi-image QA.

Low-resource OCR data construction. For low-resource OCR, the agent automatically collects multilingual

text corpora and corresponding TTF font files from the web. Since different fonts vary significantly in character
coverage, the agent tests the rendering compatibility of candidate fonts for each language and maintains a
mapping among languages, fonts, and supported rendering vocabularies. Based on the design philosophy of
SynthText 1] and SynthDoG §2], the agent develops a multilingual synthetic data production pipeline that
renders texts from different languages onto diverse backgrounds with controllable layouts and visual styles.
Through this process, we maintain parsing data covering 331 languages, providing pretraining supervision to
improve the multilingual perception capability of HunyuanOCR-1.5.

Ancient-script OCR data construction. For ancient-script OCR, we focus on the seven historical forms of
Chinese characters. For each historical script, the agent autonomously searches for multiple TTF font files
with different rendering styles, and maintains diverse text-free background materials through both autonomous
collection and tool-assisted verification. For example, when collecting background images, the agent can
invoke HunyuanOCR-1.0 and Qwen3.5 services for multi-model validation, filtering out candidate images
that contain interfering text or unstable visual quality. The agent then develops an ancient-script parsing data
synthesis pipeline according to the writing directions, layout patterns, and visual styles of historical documents,
supporting different backgrounds, fonts, layouts, and degradation augmentations. The generated data are
mainly used in the pretraining stage to supplement rare historical character forms and improve the model’'s
fundamental perception of ancient documents.

Multi-image QA data construction. For multi-image document understanding, we extend Agentic Data

Flow to a QA data production process based on multi-page PDFs. The agent first collects and organizes
multi-page PDF documents, and invokes PDF tools to extract page-level text and basic structural information.
The extracted text is then organized into cross-page contexts according to page order and provided to a strong
text model to generate multi-image QA samples, including cross-page information retrieval, multi-page content
comparison, evidence aggregation, and document-level reasoning questions. To ensure that the generated data
truly require multi-page understanding, we further filter out questions that can be answered from a single page,
samples whose answers are inconsistent with the extracted PDF context, and questions without explicit textual
evidence. This pipeline extends the capability boundary of HunyuanOCR-1.5 from single-image OCR and
single-page document parsing to multi-page and multi-image document understanding.

Overall, Agentic Data Flow serves as a capability-expansion data system for HunyuanOCR-1.5. It is not limited
to a specific data type, but provides a reusable data construction paradigm: defining data requirements around
model weaknesses, automatically completing material search, tool-based verification, sample cleaning, pipeline
development, and human-agent iteration through agents, and injecting the resulting data into subsequent
training stages. This system supports the improvement of HunyuanOCR-1.5 in long-tail directions such as
low-resource languages, ancient scripts, multi-image understanding, and hard-case robustness.

5 Training Recipe

The training recipe of HunyuanOCR-1.5 follows the staged training paradigm of HunyuarZs{; Riile

shifting the objective from building general OCR capabilities to extending capability boundaries and improv-
ing task ceilings. Overall, we structure the training pipeline of HunyuanOCR-1.5 into three main phases:
pretraining (85.1), supervised fine-tuning (SFT, 85.2), and reinforcement learning (RL, 85.3).

The pretraining stage mainly injects newly constructed capability-expansion data into the model and improves
its adaptation to complex inputs through resolution and context-window extension. The subsequent SFT and
RL stages collaboratively focus on capability ceiling improvement, pushing the upper bound of each OCR
task while enhancing output stability and mitigating hallucinations in document scenarios. Specifically, SFT
establishes a clean and highly structured foundation by refining the training data and unifying the prompt
interface. Building upon this high-quality basis, RL further pushes the capability ceilings using verifiable
rewards and judge-based supervision, forming a complementary optimization pipeline.



5.1 Pretraining: Revisiting Stage3 for Capability Boundary Extension

In the pretraining stage, we do not redesign the full pretraining procedure of HunyuanOCR-1.0. Instead, we
reuse its first two stages and only re-plan the third stage (Stage3). Two upgrades are applied to Stage3: (a) we
inject new capability-expansion data to broaden what the model can recognize, and (b) we enlarge the input
specification so that the model can handle high-resolution and long-context inputs.

Data upgrade. Stage3 now mixes three sources: the new capability data produced by Agentic Data Flow (84),

multi-image understanding data, and historical OCR data from HunyuanOCR-1.0. The new data target the
model’s weak spots, covering low-resource OCR, ancient-script OCR, multi-image document understanding,
hard cases, and long-tail layouts, and thus drive capability expansion. The historical OCR data are kept to
preserve existing strengths in general OCR, document parsing, and structured output. Training on both jointly
lets the re-planned Stage3 expand new capabilities without regressing on old ones.

Input specification. We also raise the maximum image resolution to 4K and extend the context window to
128K. This lets the model take in far more demanding inputs, such as dense documents, multi-page and multi-
image contexts, and long structured outputs. As a result, HunyuanOCR-1.5 pushes its capability boundary
toward high-resolution, long-context, and multi-image scenarios while keeping the architecture unchanged.

5.2 SFT: Building a High-Quality Foundation for the RL Stage

As the first step toward capability ceiling improvement, the SFT stage prepares a clean, well-organized, and
interface-consistent training set for the subsequent RL stage. This preparation consists of three parts: refining
the data quality, splitting the data between SFT and RL, and unifying the prompt design across tasks.

Data refinement. We start from the post-training data of HunyuanOCR-1.0 and clean it thoroughly, removing
annotation errors, format inconsistencies, image-text mismatches, ambiguous task objectives, and low-quality
duplicated samples. We then enrich the data pool with the new capability data produced by Agentic Data
Flow, user-provided hard cases, and high-quality data for the newly introduced capabilities, with careful
manual annotation and verification for key samples. Through this process, the SFT data are upgraded from the
general task coverage of HunyuanOCR-1.0 to a high-quality training set oriented toward capability ceiling
improvement and robustness in complex scenarios.

Data splitting for SFT and RL. We divide the curated data into two disjoint portions. One portion is used for
supervised fine-tuning in the current stage, while the other, consisting mainly of high-difficulty samples, is
reserved for the subsequent RL stage. This split lets SFT establish broad task competence while keeping the
most challenging samples for RL to push the capability ceiling.

Unified prompt design. Finally, we unify the prompt design across tasks, routing each task capability to its
own specialized prompt. This reduces instruction ambiguity, gives each task a clear and consistent interface,
and thereby provides well-defined task boundaries for the subsequent RL stage.

5.3 Reinforcement Learning

Reinforcement learning (RL) has emerged as a powerful paradigm for large language models (LLMs) and
multimodal large language models (MLLMSs), with success in mathematical reas@3jrand image seg-
mentation §4]. This is largely attributed to RL’s ability to align model outputs with verifiable metr&&s [

or human preference$, 67]. HunyuanOCR 28] has already validated this potential in the OCR domain:
through high-quality RL data and an ability-adaptive reward design, it achieves stable and effective training,
showing that RL can substantially improve lightweight OCR models across diverse tasks.

HunyuanOCR-1.5 pushes this direction further. As shown in Fig. 4, we build a reward system tailored to the
capabilities an OCR model must acquire, providing fine-grained, discriminative signals. Concretely, it consists
of three complementary components: (i) a capability-routed, structure-aware rule reward that targets the
factual fidelity of document parsing; (ii) a consistency-based judging reward for general question answering
that flexibly scores arbitrary QA tasks and can be easily extended; and (iii) a degeneration-suppression reward
that detects overlong and repetitive outputs to keep generation stable. Together, these components drive
HunyuanOCR-1.5 toward a more faithful, stronger, and more comprehensive general OCR model.

5.3.1 Training Strategy

Data curation. Following HunyuanOCRZ8], we curate the RL data with an emphasis on quality, diversity,
and difficulty balance. Starting from the SFT policy, we perfarm 16 on-policy rollouts for each candidate
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Figure 4: Overview of the RL framework. The RL framework that optimizes the general OCR model toward
more faithful, stronger, and more comprehensive behavior through three complementary reward components.

query and estimate its difficulty based on the rollout outcomes. Queries that are already solved consistently by
the policy are discarded, retaining only informative examples with non-trivial reward variance for RL training.

Optimization. We adopt IcePopg8], a GRPO-style policy optimization variant, as our main reinforcement
learning framework to mitigate the training—inference mismatch. kgt and ., denote the same policy
as executed by the inference and training engines. In each iteration, for aggimPop samples a group of

with ¢ain (; ). To suppress unstable updates from train—inference discrepancies, we compute a token-level
calibration ratio between the two policies and only retain tokens whose ratio lies in a prescribed interval. Since
our implementation adopts a token-mean I&@$,[we normalize over all valid tokens that pass the IcePop
mask, instead of first averaging each response by its length jo

2 o 3
tok al * R PG 5
J IcePop ()=E a;fo i g€, 7 &t Sit I-i;t () D kit ; 3)
=1 t=1
LEE()=c i min(ric OA i;clip(ric ();1 ;1+)A  ); 4)
G Jeil
Z= At Sit (5)
i=1 t=1
fie () = train (Oizt J O Oi<t ;) ©6)
" train (Oi;t J q;G:<t old),
in (Oixt J @ Ouet 5
Gy = train (Oit ] O; O:<t 5 old) | St =1 m C it nl: @)

infer (Oi:t J O3 Oi<t 5 old) ,

Herea;; 2 f0;1g is the valid-token mask; is the group-relative advantage of respoas@andDg i1 iS

the token-level KL term. The bounds, and , control the acceptable train—inference ratio region; tokens
outside it haves;; = 0 and do not contribute to the update. The hyperparametand control PPO-style
clipping and KL strength. If no token in a mini-batch satisfies the IcePop mask, the update is skipped.



5.3.2 Factuality-Oriented Reward for Document Parsing

The first and most fundamental component targets factual fidelity, since a reliable OCR model must faithfully
transcribe what is visually present rather than hallucinate plausible content. For text spotting, we follow the
rule-based reward of HunyuanOCRg. Document parsing, however, requires a dedicated design: it converts

a document image into a structured representation that may contain plain text, tables, and charts. Tables and
charts are structured elements whose correctness is not well captured by the edit-distance criterion used for
plain text, so a single text-level metric yields coarse and sometimes misleading signals.

To provide a fine-grained, structure-aware reward, we parse the output and reference into a plain-text part and
a set of special elements, each a table or a chart. The parsing reward is then computed as:
b

1
Rparse: 1Rext+ 2 M Relem(ej ) ; (8)
j=1

whereR: is the text reward based on normalized edit distafeg,: : : ; ey g are theM special elements
parsed from the referencBeien(€; ) is the element-specific score defined below, apnd » balance the two
terms. Averaging over the M special elements keeps the reward well scaled.

Table. Table content is usually expressed in HTML with structure-specific tags for rows, columns, and cell
merging, so it requires a dedicated reward rather than plain text matching. TEDS and TEO%4® the

standard metrics for table parsing and are natural reward candidates, but both have limitations in an RL setting.
As a structural reward, TEDS-S is computed in a rather black-box manner, making it hard for the model to
identify which structural part of the output is wrong and to optimize accordingly. As a content reward, TEDS
relies on character-level edit distance, which produces inaccurate scores in cases that are visually equivalent
but expressed differently, such as mathematical formulas. We therefore improve both terms: we replace the
TEDS-S score with a 1D-probe structural rew&g,c;, and enhance the TEDS-based content reward with an
anchor-guided destylization mechanism to obtaig,Rn[71]. The score of a table element is

Retem(€) = 0:5 R content* 0:5 R struct: 9

Chart. Chart content is typically represented in a Markdown-style table, where the row and column orderings
usually do not affect correctness, and even transposing rows and columns expresses the same chart. A reward
that is sensitive to such orderings would penalize correct predictions, so charts also require a dedicated
design. We first convert both the prediction and the reference into a tabular CSV form and then apply SCRM
(Structuring Chart-oriented Representation Metritd] ffo compute the mean Average Precision (AP) between
them, which serves as the scétgen(e) of the chart elemeng]. This makes the reward invariant to order
permutations while remaining sensitive to the underlying chart semantics.

5.3.3 Consistency-Based Judging Reward for General QA

Beyond factual parsing, we extend the model toward broader capabilities through a consistency-based judging
reward for general question answering. Instead of designing a bespoke metric for every task, this component
uses an LLM-as-a-judge to verify the consistency between the model response and a high-quality reference.
Its key advantage is flexibility and extensibility: it can score arbitrary QA tasks, and can incorporate additional
annotation fields to support more fine-grained evaluation of specific downstream tasks.

Visual question answering. For general VQA, the reward is binary: the judge asdigihthe model’s answer
is semantically consistent with the reference 8rudherwise, focusing on factual correctness while tolerating
minor stylistic variations. This provides a clear and robust supervision signal for answer correctness.

Translation. Translation is a representative case where additional annotation fields enable more precise
judging. We provide the judge with auxiliary metadata such as the source-language text and the target-
language label, and let it assign a soft score in the rddgs based on consistency with the reference
translation. The score is normalized[fy 1] via a debiased mapping that expands the resolution of mid-range
scores, making the reward more sensitive to subtle quality differences and better able to capture improvements.

5.3.4 Degeneration Suppression Reward for Stable Generation

The third component keeps generation stable by explicitly suppressing degenerate outputs. In OCR settings,
degeneration typically appears as overlong outputs, repeated fragments, or cyclic generation patterns when the
model encounters uncertain or out-of-distribution inputs, which severely undermines reliability in real-world
deployment. To address this, we introduce two complementary penalties during training.
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Overlong output penalty. For each task, we set an appropriate upper bound on the output length according
to its expected format and maximal valid response length. Since excessive length is a common indicator of
repeated or drifting generation, we directly assign a reward of zero to rollouts that exceed the predefined token
limit, discouraging uncontrolled decoding and encouraging concise, task-aligned outputs.

Repeated fragment detection and penalty. For rollouts within the length limit, we further detect repetitive
patterns, which are a common failure mode of long OCR outputs, where a short unit of at most max_unit
tokens repeats at least min_repeats times consecutively at the end of the sequence. Such rollouts also receive a
zero reward. This penalty suppresses repetitive generation and improves the stability of model outputs.

Overall, the three reward components form a coherent and layered design: the factuality-oriented reward
secures faithful parsing of structured documents, the consistency-based judging reward extends the model
toward general and open-ended capabilities, and the degeneration-suppression reward stabilizes generation
throughout. Together, they provide fine-grained, discriminative, and extensible optimization signals that drive
HunyuanOCR-1.5 toward a more faithful, stronger, and more comprehensive general OCR model.

6 Evaluation Tree

Rather than relying on a single or isolated benchmark, HunyuanOCR-1.5 is evaluated through a capability-
oriented OCR evaluation tree. This evaluation design mainly answers two questions: (a) whether the
core OCR capabilities established in HunyuanOCR-28), uch as document parsing, general OCR-aware
QA, text spotting, and information extraction, are further strengthened; and (b) whether newly introduced
capabilities, including low-resource languages, ancient scripts, multi-image understanding, and faithful
seen-text parsing, are effectively incorporated into the model boundary.

Along an orthogonal dimension, all evaluation sources are categorized by their origin into open-source and
in-house benchmarks. Only Spotting, IE, and Video Subtitle Extraction rely on in-house and real-world
production benchmarks, while all remaining dimensions are evaluated on open-source benchmarks.

6.1 OCR Capability Evaluation Tree

The evaluation tree is organized into three groups by evaluation purpose. The first group verifies that the
fundamental OCR capabilities inherited from HunyuanOCR-1.0 are preserved and further strengthened. The
second group examines whether the newly extended boundary capabilities, such as long-tail languages, ancient
scripts, multi-image understanding, and structured element parsing, are effectively incorporated into the
model. The third group targets output reliability, focusing on the model's seen-text preservation ability and its
hallucination risk in long OCR sequences. The following subsection details the specific dimensions within
each group and their corresponding benchmarks.

6.2 Evaluation Dimensions and Benchmark Mapping

We first organize the evaluation dimensions into several capability groups and then provide the benchmark
mapping for each group. This organization highlights what types of OCR capabilities are evaluated before
specifying how each capability is measured.

Basic OCR and document understanding. This group evaluates the fundamental capabilities of OCR
model. End-to-end document parsing is evaluated by OmniDocBe&hctollowing the latest official evalu-

ation protocol, which measures structured parsing of mainstream printed and scanned documents, including
body text, tables, formulas, and reading order. General OCR capability is evaluated by OCR&ench [
focusing on OCR-aware QA across scene text recognition, document question answering, information
extraction, formula recognition, and chart understanding. Text spotting is evaluated by an in-house Spotting
Benchmark, which measures text localization and recognition across document images, scene text, artistic
text, handwriting, advertisements, cards and receipts, screenshots, street views, and video frames.
Long-tail capability expansion. This group evaluates whether HunyuanOCR-1.5 effectively extends its
capability boundary to long-tail languages and scripts. Low-resource multilingual parsing is evaluated by
MORE [73], which covers parsing across 149 languages and focuses on low-resource languages and rare
writing systems. Ancient script recognition is evaluated by Chronicles-QEGRvpich measures recognition

ability on the seven historical forms of Chinese characters, historical documents, and ancient-script images.
Structured visual element parsing. This group evaluates structured visual element parsing beyond plain
text recognition. Table parsing is evaluated by TableVerse-BK Wwhich measures table structure and
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Table 1: Grouped benchmark mapping for the OCR capability evaluation tree.

Capability Group Evaluation Dimension Benchmark Source

. End-to-end document parsing OmniDocBench [3] ) Open-source
Sgslﬁn?jce:rztgggin General OCR-aware QA OCRBench [6] ) Open-source

9 Text spotting Spotting Benchmark In-house
U . Multilingual parsing MORE [73] ) Open-source
Long-tail ability expansion Ancient-script recognition Chronicles-OCR [4] €) Open-source
Structured visual Table parsing TableVerse-5K [71] ) Open-source
element parsing Chart parsing ChartArena [5] ) Open-source
) Multi-image QA DUDE [9] ¢) Open-source
f::rrc())ssss-lie]a%;agr?derstandin Text image translation DoTA [7] () Open-source
9 9 Text image translation MMTIT [8] €) Open-source

. L Information extraction IE Benchmark In-house

er]?jcrt'eﬁﬂb?ﬁtphcauons Video subtitle extraction VSE Benchmark In-house
y Document hallucination CHAOS-Bench ) Open-source

content reconstruction. Chart parsing is evaluated by ChartArghavhich evaluates chart text, structure,
and semantic parsing.

Cross-page and cross-lingual understanding. This group evaluates capabilities that go beyond single-page
OCR. Multi-image QA is evaluated by DUDE]] which measures multi-page document understanding,
cross-page information retrieval, multi-image content comparison, and evidence aggregation. Text image
translation is evaluated by DoTA/] and MMTIT [8]. DoTA focuses on English document image translation

into Chinese, while MMTIT evaluates multilingual text image translation from 14 non-Chinese and non-
English languages into Chinese or English across multiple scenarios.

Application-oriented and reliability evaluation. This group evaluates practical OCR applications and
output faithfulness. Information extraction is evaluated by an in-house |IE Bench@&rkvhich targets
structured field extraction from cards, receipts, and forms, requiring the model to transcribe target fields
and return them as structured key-value outputs rather than free-form text. Video subtitle extraction is
evaluated by an in-house Video Subtitle Extraction Benchm28k yvhich measures subtitle recognition

from video frames together with the temporal consistency of recognized text and the robustness to dynamic
backgrounds and compression noise. Document hallucination is evaluated by CHAOS-Bench, short for
Comprehensive Hallucination Assessment for OCR Sequences. CHAOS-Bench evaluates faithfulness
with a controlled WYSIWYG protocol. For each document page, we modify one character in 2 to 3 selected
words in the rendered image, turning them into meaningless perturbed words. Degenerate edits and modified
strings that remain dictionary-valid words are removed. Given the set of perturbed ®yasdgpage and

the model outpu®;, a hit1; (w; O;) is counted when word 2 P; appears irD; as a case-insensitive
whole-word match. The page-level recall is computed as:

1 X
Ri= — Lhit (w; O):
]PiJ W2P

The final score is the page-averaged recall over all N pages:

1 X
i=1

This metric directly measures whether the model preserves visually observed words when visual evidence
conflicts with language priors.

Based on this evaluation tree, the experimental results in the next section are reported from two complementary
perspectives. We first highlight the boundary capability evaluations that are newly introduced or strengthened
in HunyuanOCR-1.5, including Chronicles-OCR, ChartArena, TableVerse-5K, DUDE, MORE, and CHAOS-
Bench. We then analyze the changes to the existing evaluation dimensions inherited from HunyuanOCR-1.0,
including OmniDocBench, Spotting, text-image translation, IE, Video Subtitle Extraction, and OCRBench.
This organization keeps the capability taxonomy in the evaluation tree while focusing the results discussion on
what is newly monitored and what is preserved or improved from the previous version.
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Table 2: Overall inference speed comparison. Comparison between AR and DFlash decoding on Om-
niDocBench under batch size 1. The vLLM results are aligned with the latest 930-sample SOTA comparison.

AR Decodin DFlash Decodin i
Framework 9 g Speedup AEﬁef tive h
Latency (s)#  TPS Page/: Latency (s)# TPS Page/s cc. Lengt
Transformers 34.850 40.9 0.02¢ 5.474 245.7 0.183 6.37 8.89
vLLM 3.032 466.9  0.330 1.408 1002.3 0.706 2.14 8.36

Table 3: End-to-end speed comparison with representative OCR systems. Evaluated on the OmniDocBench
test set. GLM-OCR and PaddleOCR-VL-1.6 are two-stage multi-model pipeline methods, while others are
single-model end-to-end VLMs. Speedup is measured against the HunyuanOCR-1.5 AR setting.

Model Paradigm Inference Method Avg. Latency/Page (s)# Page/s" Speedup
(@ dots.ocr [52] End-to-end Auto-regressive 7.154 0.136 0.41
. DeepSeek-OCR 2 [78] End-to-end Auto-regressive 5.460 0.179 0.54
. Unlimited-OCR [77] End-to-end Auto-regressive 3.659 0.255 0.77
m HunyuanOCR-1.5 End-to-end Auto-regressive 3.032 0.330 1.00

7 PaddleOCR-VL-1.6 [76] Two-stage Cascade 1.744 0.562 171
. GLM-OCR [75] Two-stage  Cascade 1.649 0.604 1.83
[ HunyuanOCR-1.5 End-to-end DFlash 1.408 0.706 2.14

7 Experimental Results

7.1 Inference Speed with DFlash

We evaluate the inference speed of HunyuanOCR-1.5 with standard autoregressive (AR) decoding and DFlash-
accelerated decoding on OmniDocBench [3]. Unless otherwise specified, we report per-sample metrics:

P
1 X NG N
Latency = & ti; Token=s = P'&l—c' , Page=s=p—; (10)
i=1 i=1 Ui i=1 Hi

wheret; andc; denote the latency and generated tokens of ithesample. The speedup is computed by
comparing DFlash with AR under the same metric.

Overall speed. We first compare AR decoding and DFlash decoding under single-request inference. As shown
in Tab. 2, DFlash significantly accelerates HunyuanOCR-1.5 under both Transfoiidfileaad vLLM [40]. In

vLLM, DFlash reduces the average latency from 3.032s to 1.408s, improves throughput from 466.9 token/s
to 1002.3 token/s, and achieve2:44 speedup. The gain is even larger under Transformers, whose AR
baseline is closer to naive token-by-token decoding and therefore benefits more from speculative decoding.
These results show that DFlash effectively reduces the decoding latency of long OCR outputs while preserving
the original end-to-end generation paradigm.

Comparison with SOTA OCR systems. We further compare HunyuanOCR-1.5 with DFlash against repre-
sentative OCR systems, including two-stage pipeline methods and end-to-end OCR VLMs. The evaluation is
conducted on the same OmniDocBench test set under single-request inference, where each system is assigned
one accelerator instance with comparable compute capacity. For two-stage systems, GLMED&RI [
PaddleOCR-VL-1.676], we report the full page-level pipeline latency, including layout analysis, region-level
OCR/VLM inference, and result merging. Since different systems use different tokenizers, prompts, and
output formats, cross-model token/s is not directly comparable; we mainly compare average latency and page
throughput.

As shown in Tab. 3, HunyuanOCR-1.5 with DFlash achieves the fastest end-to-end inference speed among all
evaluated systems, reaching 1.408s per page and 0.706 page/s. It i$:aBouaster than GLM-OCR and

1:24 faster than PaddleOCR-VL-1.6, while keeping a unified end-to-end OCR VLM formulation without
explicit layout decomposition or region-wise cascaded inference. Compared with other OCR VLMs, including
Unlimited-OCR [/7], DeepSeek-OCR 27B], and dots.ocr§2], HunyuanOCR-1.5 with DFlash reduces
average latency by 2:60, 3:88, and 5:08 , respectively.

Speedup versus output length. We analyze DFlash speedup across different output length ranges in Tab. 4.
The speedup consistently increases as the output sequence becomes longer. In vLLM, DFlash improves from
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Table 4: Inference speed comparison across different output length ranges. Output length is measured
by AR completion tokens. Effective acceptance length denotes the average number of tokens advanced per
speculative decoding step, including the bonus token.

Framework Output AR Decoding DFlash Decoding Speedup Effective
Length Latency (s)# TPS Pagel Latency(s)# TPS Pagels Acc. Length
[0, 256] 7.298 28.1 0.137 1.602 126.1 0.624 4.56 8.43
(256, 512] 11.014 35.7 0.09: 2.069 191.6 0.483 5.32 8.29

Transformers (512, 1024] 19.932 38.3  0.05( 3.448 231.3 0.290 5.78 9.15
(1024, 2048] 34.905 40.8 0.02! 5.294 276.8 0.189 6.59 9.26
(2048; +1) 93.756 429 0.011 14.054 239.2 0.071 6.67 8.34
[0, 256] 0.950 2179 1.052 0.723 286.4 1.383 1.31 9.23
(256, 512] 1.156 341.8 0.86¢ 0.746 529.5 1.340 1.55 8.39

VvLLM (512, 1024] 1.926 3959 0.51¢ 1.086 702.4 0.921 1.77 9.38
(1024, 2048] 3.071 466.5 0.32( 1.435 998.6 0.697 2.14 9.50
(2048; +1) 6.660 514.3 0.150 2.901 1183.0 0.345 2.30 8.65

Table 5: Inference speed comparison across different content types. We categorize the OmniDocBench
pages into text, formula, and table types, and report the speed on each. The effective acceptance length denotes
the average number of tokens advanced per speculative decoding step, including the bonus token.

Content AR Decoding DFlash Decoding

Effective
Framework Speedup
TYPe  Latency (s)# TPS Pagel Latency (s)# TPS Pagels Acc. Length
Text 36.357 40.6  0.028 6.455 206.8 0.155 5.63 7.68
Transformers Formula 36.753 41.3 0.02i 5.987 237.8 0.167 6.14 8.59
Table 32.253 41.0 0.031 4.129 319.3 0.242 7.81 10.40
Text 3.034 450.8 0.330 1.675 818.4 0.597 181 8.02
VLLM Formula 2.626 464.7 0.38] 1.277 955.4 0.783 2.06 9.04
Table 2.881 465.1 0.347 1.207 1110.3 0.829 2.39 10.45

1:31 on 0-256 token outputs @130 on 2048+ token outputs; in Transformers, the speedup increases from
4:56 t06:67 . This matches the nature of speculative decoding: longer outputs require more decoding steps,
so each parallel draft-and-verify iteration amortizes more target-model forward passes. Short outputs are
instead dominated by prefill and fixed overheads, limiting the attainable speedup.

Speedup by content type. We further categorize pages into text, formula, and table pages according to the
official OmniDocBench layout annotation3][ As shown in Tab. 5, both Transformers and vLLM show the

same trend: table pages obtain the largest speedup, followed by formula pages and text pages. This is because
table outputs usually contain highly regular HTML structures, making future tokens easier to predict and
yielding longer effective accepted prefixes.

Throughput under concurrency. Finally, we evaluate DFlash under different vLLM concurrency levels. As
shown in Tab. 6, system throughput increases as concurrency grows, indicating improved GPU utilization from
continuous batching. DFlash maintains more tha&h speedup from concurrency 1 to 32, with the highest
speedup 0R:26 at concurrency 4. The speedup gradually decreases at higher concurrency because the GPU
becomes increasingly saturated, leaving less idle compute for speculative decoding.

7.2 Boundary Capability Evaluation

We first focus on the boundary capabilities of HunyuanOCR-1.5. Here, boundary capabilities include both
newly introduced task abilities, such as ancient-script parsing, document-level multi-image QA, and out-
put faithfulness evaluation, and previously supported abilities that are further monitored and strengthened
with more fine-grained benchmarks, such as complex table parsing and structured chart parsing. Through
Chronicles-OCR, ChartArena, TableVerse-5K, DUDE, MORE, and CHAOS-Bench, this section character-
izes the capability boundary of HunyuanOCR-1.5 from long-tail scripts, complex structures, multi-image
understanding, and reliability perspectives.

Chronicles-OCR. Chronicles-OCR{] evaluates ancient-script parsing, which is one of the key directions
strengthened in HunyuanOCR-1.5. As shown in Tab. 7, HunyuanOCR-1.5 achieves SOTA performance within
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Table 6: vLLM throughput comparison under different concurrency levels. We report the throughput
of AR and DFlash decoding as the concurrency levecreases. The = 1 row is aligned with the latest
930-sample SOTA speed comparison, while higher-concurrency rows follow the concurrency sweep results.

AR Decoding DFlash Decoding
Concurrency Speedup
Latency (s) # TPS Page/s  Latency (s) # TPS Page/s
c=1 3.032 466.9 0.330 1.408 1002.3 0.706 2.14
c=2 3.761/2 707.4 0.532 1.785/2 1493.5 1.121 2.11
c=4 5.915/4 900.0 0.676 2.615/4 2039.7 1.529 2.26
c=6 7.625/6 1047.5 0.787 3.526/6 2262.8 1.702 2.16
c=8 9.433/8 1127.6 0.848 4.452/8 2390.7 1.797 2.12
c=16 15.657 /16 1360.9 1.022 8.395/16 2539.8 1.906 1.87
c=32 29.138/32 1462.6 1.098 16.162 /32 2633.9 1.980 1.80

Table 7: Comparison of ancient-script OCR results on Chronicles-OCR. We report the average Parsing
scores on archaic scripts (Oracle Bone, Bronze, Seal) and mature scripts (Clerical, Regular, Running, Cursive).

Model Type Model Size Think-mode Archaic Average Mature Average
B internvL3.5-8B [27] 8B 0.07 0.39
B internvL3.5-A28B [27] 241B-A28B 0.13 0.56
B Qwen3-vL-8B [20] 8B 0.18 0.65
B Qwen3-vL-A22B [20] 235B-A22B 0.19 0.66
Open-source . Qwen3.5-9B [60] 9B 0.09 0.60
General B Qwen3.5-A17B [60] 397B-A17B 0.22 _0.73
VLMs Bl Gemma 4 31B it [79] 318 0.04 0.35
% MiniCPM-V 4.5 [80] 8B 3 0.03 0.40
B ovis2.6-30B-A3B [81] 30B-A3B 3 0.11 0.51
B cLm-45v(82) 108B-A12B 3 0.06 0.43
B Kimi K2.5 [83] 1T 0.28 0.71
BicPT-5(84] - 0.06 0.41
Bl seed1.8[85] - 0.21 0.67
, Bl seed2.0 Pro [86] - 0.18 0.71
Pg’g;'g}:{y Wl seed2.0 Pro [86] - 3 0.26 0.72
VLMs B8 MiMo-v2-0mni [87] - 3 0.09 0.55
Bl Gemini 2.5 Pro [14] - 3 0.08 0.52
Bl Gemini 3.1 Pro [16] - 3 0.18 0.68
B claude Opus 4.7 [88] - 3 0.10 0.50
Bl DeepSeek-OCR [53] 3B-A0.5B 0.01 0.24
(@ dots.ocr [52] 3B 0.05 0.47
EggeR” B cLm-0CR [75] 9B 0.06 0.38
Models ## PaddleOCR-VL-1.6 [76] 0.98 0.05 0.41
B unlimited-OCR [77] 3B-A0.5B 0.01 0.21
[ HunyuanOCR-1.5 1B 0.54 0.79

a 1B model, demonstrating substantially improved recognition ability on the seven historical forms of Chinese
characters, historical documents, and ancient-script images. This result verifies that the data construction and
training strategy for ancient scripts effectively improve the model’'s perception of historical glyphs.

ChartArena. ChartArena p] provides a fine-grained evaluation of structured chart parsing. While the
HunyuanOCR series already had basic chart parsing ability, HunyuanOCR-1.5 further improves its parsing of
chart text, legends, axes, visual element relations, and chart semantics. As shown in Tab. 8, HunyuanOCR-1.5
reaches a performance level comparable to 8B-scale models with only a 1B model, indicating strong capability
in structured chart understanding and semantic recovery.

TableVerse-5K. TableVerse-5K71] evaluates table element parsing in complex table scenarios. Compared
with table subsets in general document parsing benchmarks, this benchmark focuses more on table structure,
cell content, row-column relations, and table reconstruction under complex layouts. As shown in Tab. 9,
HunyuanOCR-1.5 achieves the best performance among expert OCR models on TableVerse-5K, showing that
the model further enhances its capability in table structure parsing and complex table reconstruction.

DUDE. DUDE [9] evaluates document-level multi-image QA, where the model needs to retrieve information,
aggregate evidence, and answer questions across multiple pages or images. This task goes beyond conventional
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Table 8: Comparison of chart deplotting results on ChartArena. We report mAR, per chart type and the
overall average, with separate EN (English) and ZH (Chinese) scores, each averaged over three visual styles.

Model Model bar line pie radar  boxplot comb. flowchart mind map Average
Type EN ZH EN ZH EN ZH EN ZH EN ZH EN ZH EN ZH EN ZH EN ZH
B owen2.5-VL-7B-Ins. [19] 152 36.9 17.9 39.9 63.4 73.1 83 19.1 0.9 2.8 6.0 40.6 29.7 232 454 29.9 233 33.2
S‘Sr’:)%r:é B internvL3.5-8B [27] 227 52.6 34.4 53.7 65.8 73.8 14.0 347 56 95 11.3 42.1 32.6 23.8 48.3 31.8 29.3 40.2
vims I Qwen3-VL-8B-Ins. [20] 27.5 58.6 355 61.77.3 84.716.8 42.6 11.6 12.1 13.2 47.9 504L5 66.4 54.6 37.3 50.4
B Qwen3.5-98B [60] 325 451 455 54.1 82.6 76.9 22.0 44.8 153 18.1 16.8 49.5 455 38.1 64.2 54.8740.6
@ ChartAst (13B) [89] 52 - 42 - 03 - 15 - 03 - 00 - - - - - 14 -
B ChartVLM (8.3B) [90] 112 53 115 43 129 82 21 50 07 04 41 44 - — — — 53 35
Expert A TinyChart (3B) [91] 61 63 97 32 57 54 05 34 02 13 07 42 - - - — 29 30
Chart ChartMoE (8B) [92] 18.7 24.4 14.7 223 150 485 3.7 161 27 16 51 195 40 - 41 - 85 16.7
D&”'g“;”g ChartCoder (7B) [93] 23.2 12.6 22.0 19.6 343 167 55 139 54 114 37 51 56 - 10 - 126 9.9
OC€S  RRVF (7B) [94] 35.866.5 41.5 54.3 51.6 75.3 16.6 40.3 14.7 141 235 61.2 36.4 32.4 68.4 63.8 36.0 51.0
MSRL (7B) [95] 32.7 452 352 34.3 41.2 67.9 259 4810.2 13.0 16.7 352 23.2 12.4 31.0 18.8 27.1 343
(® dots.mocr (3B) [96] 28.3 40.9 41.8 60.1 68.8 78.3 20.3 43.1 26610 26.947.1 262 20.6 28.7 19.6 33.1 40.7
Eggg‘ # PaddleOCR-VL-1.5 (1B) [46] 31.8 49.3 43.0 51.6 57.5 75.2 14.4 29.0 11.7 20.7 21.3 540 - - - — 239 358
Models 7% PaddleOCR-VL-1.6 (1B) [76]_39.966.8 53.557.6 59.7 80.9 19.1 353 10.9 31286 655 - - - - 275 417
fd HunyuanoCR-1.5 47.4 73.9 59.6 73.4 79.7 91.5 23.0 50.5 52.1 64.3 24.8 61.7 67.8 64.2 36.5 33.3 48.9 64.1

Table 9: Comparison of table parsing results on TableVerse-5K. We report TEDS and TEDS-S scores for
table structure and content reconstruction.

TableVerse-5K

Model Type Model Size Release Date
TEDS TEDS-S
Specialized Table UniTable [97] 125M 2024.03 48.55 78.65
Parsing Models TRivia-3B [98] 3B 2025.12 78.15 85.41
. GPT-40 [11] - 2024.05 63.62 76.41
. GPT-5 [84] - 2025.08 67.04 78.96
.Qwen2.5-VL-7ZB-Ins. [19] 72B 2025.02 75.23 82.65
General . InternVL3.5-A28B [27] 241B-A28B 2025.08 76.08 84.96
VLMs B Qwen3-VL-A22B-Ins. [20] 235B-A22B 2025.10 78.26 84.23
Seed1.8 (no-think) [85] - 2025.12 79.91 86.03
B Kimi K2.5 (no-think) [83] 1T 2026.02 78.75 _86.95
Bl Gemini 2.5 Pro [14] - 2025.03 _ 79.46 87.13
MonkeyOCR-pro-1.2B [99] 1.2B 2025.07 67.98 72.91
MonkeyOCR-pro-3B [99] 3B 2025.07 72.26 77.04
Bl DeepSeek-OCR [53] 3B-A0.5B 2025.10 68.70 76.84
Expert POINTS-Reader [100] 3B 2025.08 72.03 81.13
OCR FD-RL [101] - 2025.11 74.31 80.51
Models @ dots.ocr [52] 3B 2025.07 73.39 81.84
77 PaddleOCR-VL [45] 0.9B 2025.10 77.55 84.08
MinerU 2.5 [102] 1.2B 2025.09 77.41 84.31
## PaddleOCR-VL-1.6 [76] 0.9B 2026.06 7885 85.41
H HunyuanOCR-1.5 1B 2026.07 79.37 86.05

single-image OCR and single-page document parsing, and is used here to examine whether an OCR-specialized
VLM can extend toward document-level multi-image understanding. HunyuanOCR-1.5 achieves 54.64 on
the DUDE validation set, which is close to the 56.41 result of the general multimodal model Qwen3.5-0.8B.
This result indicates that, after multi-image data construction and training adaptation, HunyuanOCR-1.5 has
acquired a certain degree of document-level multi-image QA capability and reaches a comparable level to a
general-purpose VLM in this setting.

MORE. MORE [73] evaluates low-resource multilingual parsing across 149 languages, focusing on low-
resource languages and long-tail writing systems. As shown in Tab. 10, HunyuanOCR-1.5 achieves SOTA
performance among OCR expert models on MORE. This result demonstrates that the low-resource language
data produced by Agentic Data Flow effectively improves multilingual perception, and further validates the
value of systematic data construction for low-resource OCR capability expansion.

CHAOS-Bench. CHAOS-Bench is introduced in this work to evaluate output faithfulness and the model’s
adherence to the seen-text principle. It modifies characters in selected words from academic paper images to
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HunyuanOCR-1.5: Making Lightweight OCR VLMs Faster and Better
Supplementary Material

Overview

This material provides supplementary details to the main paper, organized as follows:

(A) Detailed Model Architecture
(B) Recommended Instruction
(C) CHAOS-Bench
(D) Reinforcement Learning Details
(D.1) RL Setup
(D.2) RL Reward Design
(D.3) RL Dynamics
(D.4) Task-wise Performance Improvements
(E) Qualitative Examples



A Detailed Model Architecture

Native-resolution visual encoder. The visual encoder is based on Hunyuan-ViT, a native-resolution Vision
Transformer $6, 57]. It preserves the original aspect ratio of input images and encodes visual patches under
their native spatial layout, which is important for OCR inputs with diverse shapes such as long receipts, dense
documents, tables, charts, and scene-text images.

Adaptive MLP connector. The adaptive MLP connector bridges the visual encoder and the language model.
It performs learnable pooling and projection over high-resolution visual features, compressing dense visual
patches into compact visual tokens while preserving key text-dense and layout-sensitive regions.

Lightweight language model. The language component is a lightweight Hunyuan-GBBjith a dense
Transformer architecture@)]. It takes visual tokens and instruction tokens as input and autoregressively
generates OCR outputs. XD-RoPE[28, 114 is used to model text, height, width, and time dimensions,
enabling unified reasoning over text sequences, document layouts, and multi-image or temporal inputs.

Overall, HunyuanOCR-1.5 keeps a fully end-to-end formulation. Given images and instructions, it directly
generates task-specific outputs such as recognized text, spotting results, Markdown documents, HTML tables,
LaTeX formulas, chart descriptions, and document-grounded answers.

B Recommended Instruction

Tab. B.1 summarizes the recommended instruction prompts for each task supported by HunyuanOCR-1.5,
along with their English explanations for reference. We recommend using the Chinese instruction prompts
directly to ensure the stability and reproducibility of benchmarking results.

Specifically, HunyuanOCR-1.5 newly supports Spotting outputs in the JSON format. For the ancient-text
recognition benchmark Chronicles-OCH,[we adopt the Parsing v prompt; for the chart deplotting benchmark
ChartArena ], we adopt the Parsing iii prompt. For OmniDocBend), [we adopt the Parsing iv prompt,

and for DoTA [7], we adopt the Translation i prompt.

C CHAOS-Bench Annotation Details

CHAOS-Bench is designed to evaluate whether OCR-centric VLMs can faithfully preserve visually observed
text of the provided images when visual evidence conflicts with language priors. The annotation process starts
from document pages rendered by a PDF rendering tool. Annotators first parse the rendered page and select
valid words from the page content. For each selected word, annotators modify part of its characters directly on
the rendered image, transforming the original meaningful word into a meaningless visual word. For example,
the word document can be modified into dacument. In this way, the perturbed word remains visually similar to
the original word but no longer forms a semantically valid word, creating a controlled conflict between the
visual evidence and the language prior.

As illustrated in Fig. C.1, each edited page is saved as a perturbed image, together with annotation metadata
including the location of each modified word, the original word, and the corresponding perturbed word. These
annotations allow us to evaluate whether a model output faithfully contains the visually observed perturbed
word. A model that strictly follows the seen-text principle should reproduce the perturbed word in its parsed
output, while a model biased toward language priors may recover the original meaningful word or generate
another plausible word that does not appear in the image. CHAOS-Bench has been released as part of the
HunyuanOCR benchmark suite atips://github.com/Tencent-Hunyuan/HunyuanOCR/tree/main/
benchmarks/CHAOS-Bench.
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Table B.1: Recommended Chinese Instruction Prompts for Different Task Types, with English Explanations.

Task #  Instruction Prompt Explanation
o Detect and recognize text in the image, and
i Kg; G- W P< output the text coordinates in a formatted
manner.
Kv's -@ WL Detect and recognize all text lines in the
Spotting 0 0 Rz L'+ image in reading order (top-to-bottom,
< JSON D +C Y left-to-right). Output a JSON array where
. . . each element must contain: “box”: [xmin,
ii +Rb8E(OI %8'6} yn?‘![rel,xif’r.nax, ymax] P ymin, xmax, ymax] (coordinates normalized
“iop W "oy ’ to the [0, 1000] range); “text”: “recognized
©JSON - FRUY ™ text content”. Note: output the JSON array
"W P directly, without any additional descriptive
text.
L. . Identify the formula in the image and
G ATEX< h: represent it using“TeXformat.
ii - h<@:HTML Parse the table in the image into HTML.
a-hgA Parse the chart in the image; use Mermaid
i (Mermaid<h:v h format for flowcharts and Markdown for other
(Markdown < h: charts.
Parsing Extract all information from the main body of
— cGc @ &o the document image and represent it in
(markdown < h: v-u u markdown format, ignoring headers and
iv & eh<(html <h c- footers. Tables should be expressed in HTML
(L ATEX< h: g Bz " format, formulas in the document should be
‘La -9 represented usingTexXformat, and the
parsing should be organized according to the
reading order.
v —-W Extract the text in the image.
i eKey < Output the value of Key.
. K ' , Extract the content of the fields:
Irllzformat_lon i Gjé([)kﬁil ‘key2,...] W ['keyl’‘key2’, ...] from the image and return
xtraction "V it in JSON format.
i — -Wu Extract the subtitles from the image.
Hic c B First parse the document, then translate its
i VU u e I"(L- ATEX< content into Chinese. Ignore headers and
T lati h: h<(html< h: footers; represent equations #igX; and
ransiation ’ ) render tables in HTML format.
— -WvVB -/ Extract all text from the image and translate it

into Chinese/English.
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Figure C.1: CHAOS-Bench annotation process. Annotators modify characters in rendered document images
to create meaningless perturbed words, record the word locations and before/after text, and use the perturbed
pages to evaluate seen-text faithfulness under conflicts between visual evidence and language priors.



D Reinforcement Learning Details

D.1 RL Setup

The detailed training setup for RL is listed in Tab. D.1. We adopt a constant learning rate schedule with the
Adam [115 optimizer, a large global batch size, and long-context settings. For rollout generation, we use a
temperature of:0 with full-vocabulary sampling (i.e., top-= 1.0 and topk = 1 ), and samplen = 16
responses per prompt to obtain a diverse set of candidates for advantage calculation and policy updates. All
RL experiments are performed on a cluster of GPUs with TFLOPS of BF16 compute equivalent to about 30
A100 GPUs, utilizing PyTorch 2.10.0 [116] and CUDA 12.9.

Compared with HunyuanOCR, HunyuanOCR-1.5 differs substantially in its RL configuration. First, we adopt a
VLLM [ 40Q] inference backend together with an FSORJ] training backend, in preparation for open-sourcing

the training pipeline. Beyond infrastructure, we place particular emphasis on both the effectiveness and the
stability of RL training. For effectiveness, we use a larger rollout size 16) to sample a more diverse set of
candidate responses, adopt a larger learning 4até@ © ) for more aggressive optimization, and enlarge the
input context length to support higher-resolution images and a broader range of tasks. For stability, we observe
that even for a 1B-parameter model, the train—inference mismatch phenond®ehZ( is non-negligible

and has a noticeable impact on the final performance, and thus deserves careful treatment. To this end, we
switch the RL algorithm to IcePo6], incorporate a KL loss term, and enlarge the training batch size to
stabilize policy updates. In addition, we replace topampling in HunyuanOCR2B] with full-vocabulary

rollout sampling, so as to remove the distributional discrepancy between the training and inference backends
induced by truncated sampling1]. More detailed design considerations and empirical analyses of the RL
configuration are provided in 8D.3.

Table D.1: Reinforcement Learning Training Configuration of HunyuanOCR-1.5.

Group Setting Value
Tensor Parallelism (TP) 1
Model Micro batch size / GPU 1
PPO mini-batch size 512
Training batch size 512
Optimizer Adam
Optimization Learning rate 4 10°
LR schedule Constant
Warm-up steps 0
Sequence length 16384
Sequence Max prompt length 8192
Max response length 8192
Advantage estimator IcePop
Imp. ratio cap range [0:2; 5:0]
: Use KL in reward False
RL Algorithm Use KL loss True
KL loss coefficient 0.001
Entropy coefficient 0.0
Samples per prompt (n) 16
Temperature 1.0
Rollout Top-p 10
Top-k 1
Data Training data size 50K
Inference backend vLLM
Training backend FSDP
Param offload True
Backend Optimizer offload True
Model dtype bfloat16
Rollout dtype bfloat16




Algorithm 1 Text Spotting Reward

Inputs: rollout response response, reference answer ref_answer, loU threshold (default 0:5).
Output: spotting reward R 2 [0; 1].

1. function SPOTTINGREWARD(response, ref_answer, )

2 B, PARSEBOXEs(response), B; PARSEBOXES(ref_answer) . format-aware box parsing

3: M S 0 ¢ O . matched GT set, total pair reward, counter

4:  forallb, 2B, do

5: h, argmax p 28 ,nm 10U(bp; by)

6 if by exists and loU(; b;)  then

7 tp, NORM(b pitext), t; NORM(b :text) . text normalization
EditDist(t ,;tg)

: . Eq. (11): matched pair
° max(it,: jtg) e "
o: M M[fb g
10: else
11: s 0 . unmatched prediction: compared against empty text
12: end if
13: S S+s; ¢ c+1

14: end for
15 forallby 2BgnMdo

16: S S+0; ¢ c+1 . unmatched GT box: s =0
17: end for
18: R S=(c+) . mean pair-level reward

19: return CLAMP(R; 0; 1)
20: end function

D.2 RL Reward Design

In this subsection, we provide a detailed description of the reward design used in the reinforcement learning
(RL) training of HunyuanOCR-1.5, serving as a supplement to 85.3 in the main text. We first describe the
overall reward computation flow, and then detail the reward for each task type.

Given a prompp and a rollout response the reward is computed as soonrais generated, rather than

waiting until all rollouts have finished, which substantially improves training efficiency. We first apply

the degeneration-suppression reward described in §5.3.4: an overlong or repetitive response is penalized

immediately and does not enter the subsequent stages, which removes redundant computation for degenerate
rollouts. The remaining responses are then routed by task type, and the corresponding task-specific reward is

computed for each of them. The following paragraphs describe the reward of each task in detail.

Spotting. Text spotting requires joint bounding-box localization and text recognition. We first detect the format
of the response, supporting both the new JSON output format introduced in HunyuanOCR-1.5 and the original
HunyuanOCR format, and then extract the predicted b8gesnd the ground-truth boxds, accordingly.
Each predicted boly, 2 B, is assigned to a ground-truth bbx 2 B4 by maximizing the Intersection over
Union (loU). For a matched pair with texts andty (obtained by applying a shared text-normalization step to
b, and ), the pair-level reward is computed as

s=1 Ed|tD|_st(_t .p,t.g) : (11)

max(jt pj; jt i)

Any unmatched prediction or ground-truth box is scored against an empty string, contribatidgequiv-
alently, a normalized distance &j to the average. The final reward is the mean pair-level score across
all evaluated pairs, providing a balanced measure of both localization and recognition accuracy. The full
procedure of text spotting reward computation is summarized in Alg. 1.

Parsing. For document parsing, the output may simultaneously contain plain text, tables, and charts, whose
correctness is not well captured by a single text-level metric. Following 85.3.2, we parse the response and the
reference into a plain-text part and a set of special elements, score the plain text with a normalized edit-distance
reward and each special element (table or chart) with its element-specific reward, and combine them into the
structure-aware parsing reward of Eq. (8). The overall procedure is summarized in Alg. 2.



Algorithm 2 Structure-Aware Parsing Reward

Inputs: rollout response response, reference answer ref_answer, weights.
Output: parsing reward Rarse

1: function PARSINGREWARD(response, ref_answet,; »)

2: (up;B) SpLiT(response), (ug4;E) SpLIT(ref_answer) . plain text u, special elements E
3 Riext 1 NORMEDITDIST(U p;Ug) . plain-text reward

4: f(ej”; ejg)gj'\il PAIRELEMENTS(E p; Ey) . align pred/GT elements in order; missing side ! empty
5: S 0
6
7
8
9

if ejg is a table then

Relem O:5R conten(€; e‘g) +05R strucl(ejp; ef’) . destylized content + 1D-probe structure
: else . ng is a chart

10: Relem SCRM_MAP(e jp; ng) . CSV conversion + order-invariant matching
11 end if
12: S S+R eem
13: end for s
14: Rparse 1Rextt 2 M -Eq. (8)
15: return R parse

16: end function

Visual question answering. For visual question answering, the reward is a binary consistency judgment
produced by an LLM-as-a-judge, which decides whether the model answer is semantically consistent with the
reference answer and assigns 1 or 0 accordingly. The judging prompt is given in the box below.

Judging prompt for visual question answering

# Task Description
You are given a question and two candidate answergStamdard Answer] and thgfModel Answer]. Your
goal is to determine whether the two are consistent in their core semantics.

# Procedure

1. Extract the core information. From each answer, extract the key content that directly addresses the question.
Ignore irrelevant pleasantries, prefixes, and summary statements.

2. Judge consistency.
» Semantic consistency (default criterion): the core information of the two answers should convey the game

meaning. Differences in wording, order, and level of detail are allowed, provided they do not alterjthe
meaning, omit key information, or cause misunderstanding.

 Character-level consistency (strict criterion): when the question requires exact transcription (e.g., “What is
the text in the image?”), the two answers must match exactly in characters and important punctuatiop.

3. Output.
» Reasoning: briefly explain in one sentence why the answers are judged “consistent” or “inconsistenty.
» Judgement: output Judgement: 1 if consistent, otherwise Judgement: 0.

[Question]: {question}
[Standard Answer]: {gt}
[Model Answer]: {answer}

Translation. For text-image translation, the reward is a soft scoif@®jB] produced by an LLM-as-a-judge,
which rates the model translation against the reference along semantic accuracy, fluency, cultural adequacy,
and terminology consistency. The score is then normalized to [0; 1]. The judging prompt is given below.



Judging prompt for text-image translation

You are given a target language, a source text (which may contain multiple source languages), a refergnce
translation, and the scoring criteria and rubric (0-5 points). Following the format of the scoring example and
referring to the reference translation, score the model translation. Output only “Reasoning” and “Final score”} and
nothing else.

Scoring criteria
1. Semantic accuracy: faithfully conveys the meaning of the source.

2. Fluency: reads naturally in the target language.
3. Cultural adequacy: wording is appropriate for the target-language culture.

4. Terminology consistency: technical terms and widely recognized names are preserved correctly.
Scoring rubric (0-5 points). Score strictly, with higher scores for higher-quality translations. Semantic accuracy
is fundamental: other dimensions cannot exceed the semantic-accuracy score. Use the reference translatipn as an
anchor: on par with the reference may recelyexceeding it may receiv0-5:0. If the model answer contains
image descriptions, format changes, or a restatement of the source, ignore them and evaluate only the extracted
translation. Numbers and LaTeX formulas need not be translated.
« Very poor (0): severe errors unrelated to the source, or harmful content (e.g., large-scale missing contgnt or
incomprehensible output).

e Poor (1): no severe errors and essentially harmless, but low quality on key dimensions (e.g., wrong key{term
translation, many missing or mistranslated key contents, or hard to understand).

« Fair (2): basically meets the requirements with minor errors, such as a few wrong non-technical words, efrors
in less-known names, or slight loss of non-essential content.

« Good (3): good on all dimensions, fluent and accurate, faithfully conveying the source meaning with congext-
appropriate wording.

* Very good (4.0-5.0): high accuracy and fluency, fully conforming to target-language usage, with prgper
cultural adaptation and near-perfect performance on all dimensions.

Question: {question}

Target language: {reference}
Source text: {text}
Reference translation: {gt}
Model translation: {answer}

Repeated fragment detection. As part of the degeneration-suppression reward, we detect tail repetition in
the response: a short unit of length at most max_unit that repeats at least min_repeats times consecutively at
the end of the sequence. Only the tail is inspected to keep the cost low, which makes the check suitable for
frequent calls during generation. A response flagged by this detector receives a reward of zero. The procedure
is summarized in Alg. 3.

D.3 RL Dynamics

In this subsection, we discuss the training dynamics observed during the early-stage RL experiments, and
how these observations motivated the adjustments that led to our final training configuration. The dynamics
of each main training runs are provided in Fig. D.1. The horizontal axis denotes the training iteration, and
the vertical axis of each panel reports a different training metric. Among the four runs, Exp A to Exp C
are exploratory experiments, while Exp D is the finalized training configuration. Their configurations are
summarized in Tab. D.2, where each experiment is described by its difference from the previous one.

Table D.2: Configuration of the exploratory RL experiments. Each row lists the change relative to the
previous experiment; unlisted settings are inherited.

Exp Configuration / difference from the previous experiment
Exp A Baseline from HunyuanOCR: bs = 256,Ir=1 16 ,kl_coef=0,n=8
Exp B r=1 10 °
Exp C Ir=4 10 ® , kl_coef=0:001, n = 16, updated training data
Exp D bs = 512, rollout-based sampling and filtering of the training data

We start from the RL training configuration of HunyuanOCE|[and design Exp A, shown as the red
curves in Fig. D.1. For the HunyuanOCR-1.5 SFT model, lkbttoss andrewards/mean stay almost flat



Algorithm 3 Tail Repetition Detection

Inputs: text text, minimum repeats min_repeats (defad)jtmaximum unit length max_unit (defa@b6).
Output: boolean flag indicating tail repetition.

1. function HASTAILREPETITION(text, min_repeats, max_unit)
2 n jtext

3 if n <2 min_repeats then

4: return FALSE

5: end if

6: upper min(max_unit; bn=min_repeatsc)

7
8
9

unit text{n ‘:n] . candidate repeating unit at the tail

: if unit is empty or whitespace-only then
10: continue
11: end if
12: ok TRUE
13: fork = 2;:::; min_repeats do
14 iftexttn ‘k:n ‘(k 1)] 6= unitthen
15: ok FALSE; break
16: end if
17: end for
18: if ok then
19: return TRUE . ashort unit repeats min_repeats times at the tail
20: end if
21: end for
22: return FALSE
23: end function

Exp A Exp B Exp C ExpD

0.009 -
0804 0.008 -
0.007 4
0.006 -
0.005 -
0.004 -
0.60 0.003 - 04+

0.55 4 0.002 4 02

0 100 200 300 400 0 100 200 300 400 0 100 200 300 400
critic/rewards/mean actor/rollout_vs_train/probs_diff/mean actor/entropy

900 -
0.04 4 800
700
600 -
500

B 400 -

0 100 200 300 400 0 100 200 300 400 0 100 200 300 400
actor/kl_loss actor/grad_norm response_length/mean

Figure D.1: Training dynamics of the exploratory RL experiments for HunyuanOCR-1.5. Each
panel reports a different training metric: rewardritic/rewards/mean ), train—inference mis-
match &ctor/rollout_vs_train/probs_diff/mean ), policy entropy éctor/entropy ), KL loss
(actor/kl_loss ), gradient norm dctor/grad_norm ), and response lengtheSponse_length/mean ).
Exp A—C are exploratory runs, while Exp D is the finalized training configuration.

throughout training, indicating that the model barely improves under this configuration. To understand this
behavior, we further compare the model weights before and after training in terms of their change ratio and
similarity, and find that the weights change only marginally. This suggests that the model is effectively stuck,
which motivates us to study the effect of a larger learning rate.



Table D.3: Task-wise performance improvements from RL training. We compare the SFT checkpoint with
the final RL model of HunyuanOCR-1.5 across five representative benchmarks.

Stage OmniDocBench 1.6 Spotting Chronicles-OCR ChartArena Video Subtitle

SFT 92.92 70.1 0.50/0.73 47.1/62.2 92.4

RL 94.74 71.4 0.54/0.79 48.9/64.1 93.1
+1.82 +1.3 +0.04 / +0.06 +1.8/+1.9 +0.7

We then design Exp B, raising the learning raté td0 ° while keeping other settings unchanged. As shown
by the blue curvesewards/mean is consistently higher than in Exp A, indicating more effective optimization.
Howeverkl_loss grows substantially, and the train—inference mismatch mptdbs_difffmean rises,
indicating that training stability degrades. This instability is itself a problem that needs to be addressed.

To improve stability, we design Exp C, lowering the learning rate to 4 ®1Gand adding a KL loss together

with a larger sample coumt to regularize the updates. Note that this step also updates the training data,
sorewards/mean is not directly comparable with the earlier experiments. As shown by the green curves,
probs_difffmean remains stableentropy decreases steadily, akbl loss rises smoothly and settles at a
reasonable level, indicating improved training stability. Neverthelesgards/mean shows no clear gain, so

the training effectiveness is still unsatisfactory and calls for further refinement.

Finally, we design Exp D, replacing the training data with the data obtained by the sampling-and-filtering
strategy described in the main text and enlarging the batch sig&2o0As shown by the orange curves,
rewards/mean improves substantially, indicating clearly more effective training, wkildoss and
probs_difffmean remain stable and vary more smoothly than in Exp C, indicating better stability as
well. Based on these observations, we adopt this configuration as our final RL setup, which realizes the balance
between effectiveness and stability targeted in 8D.1.

D.4 Task-wise Performance Improvements

Benefiting from the effective and stable RL training described above, HunyuanOCR-1.5 achieves consistent
improvements over SFT checkpoint across a broad range of tasks. As shown in Tab. D.3, the RL stage improves
the model on end-to-end document parsing, text spotting, ancient-script recognition, structured chart parsing,
and video subtitle extraction, covering both core OCR abilities and boundary capabilities. These gains show
that the reward system described in 8D.2 provides useful and discriminative signals across task types, and that
the training configuration converges toward a well-balanced improvement rather than favoring any single task.

E Qualitative Examples

In this section, we present a set of qualitative examples to illustrate the newly supported capabilities and
characteristic scenarios of HunyuanOCR-1.5.
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Input Image HunyuanOCR-1.5 Output

A+ =RPIAZ
TSIEXHE®E
ESAIBERA
FifE, BER—
TU\NEFEHRRE,
FAREAER, A
BEREPEY
s, R
A, 1EE
+, EEEER
EOFCRmEE
BRI,

FREANARE
AR/ \+

Input Image HunyuanOCR-1.5 Output

REZHAZTEEAFBNELRFREATA
B ESE IR T B BRI TR

Input Image HunyuanOCR-1.5 Output

BENIEE NEHET CRESEEK FER
W BRETE —EHSIP TRl RFE

Input Image HunyuanOCR-1.5 Output

BEIE
general mountain peak

gzs

Figure E.1: Qualitative example on Chronicles-OCR4]. HunyuanOCR-1.5 is able to handle the historical
forms of Chinese characters, historical documents, and ancient-script images.
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Input Image HunyuanOCR-1.5 Output

B/
IREEEAFLCSIE
BREEEAFRIE A TR Rk R
KEFHEBFRIRERNFRE

Input Image HunyuanOCR-1.5 Output

FRIFIARIENSER
BERIIARE
EfFREARISTE
AR

Input Image HunyuanOCR-1.5 Output

FHEBEHRZKRSEESE EFSENA
EEEATEAS

Input Image HunyuanOCR-1.5 Output

BERER_BRBRREBIHEEREHERRR
TEERERRR

Figure E.2: Qualitative example on Chronicles-OCR4]. HunyuanOCR-1.5 is able to handle the historical
forms of Chinese characters, historical documents, and ancient-script images.
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Input Image HunyuanOCR-1.5 Output

*** markdown
- dislike
Zdisadvantage
- advantage. _
- dissatisfaction
- satisfy
- dispasslonate
- passion
- passionate
- disproportionate
- proportion
- proportionate
- disorder
~order
- ordinar
- extraordinary
- coordination

- appoint’
-

Input Image HunyuanOCR-15 Output

***markdown
- Artificial Intelligence
- AL nologies
- Machine Learning
- Supervised Learning
- Regression
- Classification
- Unsupervised Learning
- Clusterin
- Association Rules
- Reinforcement Learnin,
- Natural Language Processing (NLP)
- Sentiment”Analysis
- Polarity Analysis
- Emotion Analysis
- Part-of-Speech Tagging
- Named Entity Recognition
- AT Applications
- Computer Vision
- Object Recognition
- Image Segmentation
- Robofics
- Navigation
- Manipulation
- Speech Recognition
- Speaker Verification
<. - Speech Synthesis

Input Image HunyuanOCR-1.5 Output

- AR SERAR
- RIRET AR
- AR
- RIEERENT
- ABE

- AtgEE
R

- IR S

- BAEE

- WHEE
- ORI AELEEE T
- QTAAEIL AT
- QERXR

-
TR R

=
- B RRBANER
-

B
- ST QOODELFE

Input Image HunyuanOCR-1.5 Output

|| eblssion (iz5e) | ek |
== | -] - |

| 2011 | 18849 | 387 |

| 2012 | 24794 | 315 |

| 2013 | 30587 | 23.4 |

| 2014 | 37026 | 21.1 |

| 2015 | 42848 | 157 |

| 2016 | 48232 | 13.1 |

| 2017(44R) | 55037 | 13.9 |

Figure E.3: Qualitative example on ChartArena’]. HunyuanOCR-1.5 is able to parse charts across diverse
chart families, visual scenarios, and languages.
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Input Image HunyuanOCR-1.5 Output

| Time (day) | A-Relative Abundance | B-
Relative Abundance | C-Relative Abundance |
Je=le= ===

|1]21.8]20.2]16.6 |
1211791209237
|3]21.2|28.6]218]|
|4]225]311]20.1]
|5]2

2
3
4
5]1205(19.6 | 23.3|

Input Image HunyuanOCR-1.5 Output

| | 304 SS-Weight (Ib) | AIST 1045-Weight (Ib) | ALST 4340-
Weight (Ib) | AISI 4140-Weight (Ib) | A2 Tool-Weight (Ib) |
PR [ [ (. ,,,|

|5110]225]137 (349 |

Input Image HunyuanOCR-1.5 Output

#H## E—FMNERESEHRETN
H}Tﬁé (ETf) | ISR (nt) | RSN (T/nf) |
24.05 | 40 | 56 | 37030 |

24.06 | 70 | 83 | 38748 |
2407|3567 | 33945 |

2408 | 41| 48 | 34569 |

24.09 | 102 | 56 | 33099 |

2410 | 21| 112 | 34456 |
2411159 | 89| 33999 |

24.12 | 69 | 104 | 35923 |
25011549 | 33593 |

25.02 | 22| 36 | 31586 |

25.03 | 51|70 | 32944 |

25.04 | 86 | 53 | 32535 |

25.05 |28 |75 | 43940 |

|
2
|
|

Input Image HunyuanOCR-1.5 Output

### Figure 1: BRK's cash position vs. market cap

| Cash Position ($bn, Right Axis) | Cash Position / BRK's Market Cap (%, Left Axis) |
——]—|
1Q19 | 1100 | 20% |
2Q19 | 1200 22% |
3Q19 1250 | 21% |
4Q19 [ 1300 | 23% |
1Q20 | 1400 | 29% |
2Q20 | 1500 | 32% |
3Q20 | 150.0 | 28% |

4Q21 | 1550 | 22% |
1Q22 | 1150 | 13% |

2Q22 | 115.0 | 16% |

3Q22 | 1200 | 17% |
4Q22 | 1400 | 18% |
1Q23 | 1400 | 18% |

2Q23 1600 | 18% |
3Q23 | 1700 | 19% |
4Q23 | 180.0 | 20% |
1Q24 12000 | 20% |
2Q24 | 2800 | 31% |
3Q24 3300 33% |
4Q24 | 3500 | 34% |
1Q25 | 370.0 | 30% |

Figure E.4: Qualitative example on ChartArena’]. HunyuanOCR-1.5 is able to parse charts across diverse
chart families, visual scenarios, and languages.
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Input Image HunyuanOCR-1.5 Output

<table><tr><td>FFS</td><td>HRIRTRE </+d><t > IEIN TR
</td><t ARG TTiF</Td></tr><tro<td>1</td><td>EBES. i
YN TR EIRELFEEIE/ <t d>ARRNTFIM; 4
IBBFRARE/NT0.5M </ td><td>FBJKERE NI E
</td></tr><tr<td>2</td><t B NBEEETE B/ Td>< T NHE
FRERKHTEE, BEERENMSBEF=ERASHH
HxE</td><td rowspan="4">FB{\GENIE
</td></tro<troctds3</td><t I EHEEFE SR EIBR
</td><td>REBEBAIHURIERYEBRS, BEESEE
85%~110%;BEINR A 52 L1
</td></tr><troctd>d</td><tdInfTERE PRI SR
</td><td> RIFF AT R A S HIRIE
</td></tr><tro<td>be/td><td>EB R RS FIZRFEBRAYE IR IR
{B</td><td> R EF=ERt AR AFRIRIE
</td></tr></table>

Input Image HunyuanOCR-1.5 Output

<table><tr><td></td><td>2013¢</+d><td>2014</d><+d>2015¢/td><+
d>2016E</td><td>2017E</td><td>2018E</td></tr><tr><td
colspan="7">EFRRIEHR</1d></tr><tr><t > BRI
</td><td>0.251¢</td><td>0.150¢/1d><td>0.097</1d><td>0.125¢/+d>
<+d>0.198</1d><td>0.246</1d></tr><tr><td> TR R R
</td><td>4,011¢</1d><td>4.143</td><td>4.391</td><td>4.534</td><
1d>4.749¢/1d><1d>5.016¢/td></tr><tr>t > EBIREEME I
</td><td>-0.584</1d><td>0.168¢/1d><td>0.319¢</td><td>-
0.361¢/td><td>0.342</1d><td>0.430¢/td></tr><tr><td>EAAGFI
</td><td>0.000¢/td><td>0.100</td><td>0.000¢/td><+d>0.000</td>
<td>0.000</+d><td>0.000</td></tr><tr><td colspan="7">EHRER
</td></tr><tr<t IR EFEIN R

</1d><td>6.27 %</ td><td>3.61%</1d><td>2.22%</1d><td>3.01 %</t
d><td>4.53 %</ td><td>5.34 %</ td></tr>ctr><td> T HT TR
</td><td>2.23%</td><td>1.21%</1d><td>0.79 %</ 1d><td>1.19%</td
><td>1.80%</td><td>2.17 %o/ td>¢/tr><tr><t IR N B AMIZR TR
</td><td>2.61%</td><td>2.53%</1d><td>1.78 %</ td><+d>2.04 %</t
d><td>2.93%¢</td><td>3.46 %</ td></Tr><tr><td colspan="7">1GKER
</td></tr<tr>t d>EE WSS IIKER/ td><td>-
14.68%</1d><td>2.08%</td><td>-11.25%«</td><td>-
4.41%</1d><1d>14.26 %< /1d><td>10.64 %< /Td></tr><tr><td>EBI THE
KF/td><td>-55.50%</1d><td>7.64%</td><td>-
43.22%</1d><td>14.23 %</ td><td>44.90%</td><td>19.80%</td></
Troctr><td> SRS ER/1d><td>-28.74 %</ Td><td>-
40.46%</td><td>-

34.93%</1d><td>40.08 %</ td><td>57.70%</td><td>24.44 %</ td><
/1>t d> SRFEIBIKER / td><td>-

6.07 %¢/1d><td>9.49 %</ td><td>-0.43 %</ td><td>-
6.31%</td><td>4.05%</1d><td>3.08 %</ td></tr><tr><td
colspan="7">ZRF=ETRAL ST </ td></tr><tr><td> R KGRESE R EL
</td><td>58.3</td><td>63.9¢/td><td>72.0<¢/1d><+d>70.0</td><td>
70.0</1d><td>70.0¢</td></tr><tr><t > IFEREREREL
</td><td>67.7</td><td>72.8</td><td>73.3¢/1d><td>73.0¢/td><td>
78.0</td><td>80.0¢/td></tr><tr><td> RS HRERE R EL
</td><td>106.1¢/1d><+d>98.4</1d><td>95.2</1d><td>95.0</td><td>
95.0¢/1d><td>95.0¢/ td></tro<tr><t > BB RIETEL
</td><td>67.1¢/1d><td>83.5¢/1d><td>95.5¢/td><td>91.2</td><td>7
3.1¢/1d><1d>60.3¢</td></tr><tr><td colspan="7">{Z{REES]
</tdo</tr><tro<td> it/ ARG
</td<td>59.92%</1d><td>82.69%</1d><td>60.64%</1d><td>70.8
5 A,;/;d?<fd>64 23%</1d><td>55.61%</td></tr><tr><td>EBITFIE

RIS
</td><td>1.2¢/td><td>1.6¢/td><td>0.9</td><td>1.6¢/td><td>2.1¢/td
><td>2.6¢/td></troctr<td> PR EER

</td><td>63.98%</td><td>66.04%</1d><td>63.96 %</+d><td>60.4
1%</td><td>60.25%</td><td>59.27 %c/td></tr></table>

Figure E.5: Qualitative example on TableVerse-5K7[l]. HunyuanOCR-1.5 is able to parse tables with
diverse structures, styles, and content types.
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Input Image HunyuanOCR-1.5 Output

abletrd SHERIRETS
o =

</td>td>535¢/td>td>362¢/1d>etd>455¢/ tdrtd>5IB</ td>etdsT21e/ tb</ troctrotd MM FRR R MR

tdsetcblle/tdbetdb1
</Td>td>Be/Td>td>4Be/ d><td>22</ 1<t cbTO/ tdctdrALe/ tdoe/troctrs<t dTEEL

</tdtdpl tdb<td>845¢/1d><tcbB45</1d:
</1d><1d>4T: 1d>e/ S

</tdetd0c/tdbetdb0c/tdbctdb0c/tdctcb0c/tdbctcbOc/ 1

</t 135¢/ 1t 137/ et tbet tbet t
</tdsetdb21 <t 1747¢/1de/troct et BT

1</

/tdetdb148¢/ et tbet tdbtdb543¢/td>ctdl td
</td<1db217;

</1d><tdb119¢/1d>tcb134</1d>1cb134</1d><1cb134</1d><1cb134c/ 1d></troctr> et RTATH

</1dADTIT</ 11T 36/ T 1dT36¢/ Tt dsT36¢/db<tcb736¢/ 1>/ troetr>et b FALT

St ADIBTT/ 1t td
tdb</
tbet td</tr>c/table>

Input Image HunyuanOCR-1.5 Output

<table><trs<td>Np</td><td>0¢/td><td>1</td><td>2¢/td><td>3
</td><td>4</td><td>5e</td><td>6</td><td>7</td><td>8</td><
td>9¢/td></tro<tr><td>0</td><td>-
</td><1d>8.686</1d><td>17.372¢/+d><td>26.058</td><td>3
4.744</td><td>43.430</td><td>52.116</1d><td>60.802</td
>td>69.488¢/1d><td>78.174</td></tr><tr><td>10</td><td>8
6.860</1d><td>95.546</1d><td>104.232¢/td><td>112.918</
td><td>121.604</td><+d>130.290</td><td>138.976</td><td>
147.662</1d><td>156.348¢/1d><td>165.034</td>¢/tr><tr><t
d>20¢/1d><td>173.720</1d><td>182.406</td><td>191.092</
td><td>199.778</1d><td>208.464</td><td>217.150</+d><td
>225.836¢</1d><td>234.522¢/td><td>243.208</1d><td>251.
894¢/td></tr><tr><td>30¢</td><td>260.580</td><td>269.26
6¢/1d><td>277.952</1d><td>286.638</1d><td>295.324</td
>td>304.010</td><td>312.696</td><td>321.382¢/td><td>3
30.068</td><td>338.754</1d></tr><tr><td>40</1d><td>347.
440</1d><td>356.126</1d><td>364.812</td><+d>373.498</
td><td>382.184</1d><td>390.870¢/td><td>399.556</td><td
>408.242</td><1d>416.928</td><td>425.614</td></tr><tr><
td>50</td><td>434.300</td><td>442.986</td><1d>451.672
</td><1d>460.358¢/td><td>469.044</1d><td>477.730</td><
td>486.416</1d><td>495.102</1d><td>503.788</td>td>51
2.474</1d></tr><tr><td>60</1d><td>521.160</1d><td>529.8
46</1d><td>538.532¢/td><+td>547.218</td><+d>555.904</+
d><td>564.590¢/1d><td>573.276</1d><1d>581.962¢/td><td>
590.648</td><td>599.334¢/td></tr><tr><td>70</td><td>60
8.020¢/1d><td>616.706</td><td>625.392¢/1d><td>634.078
</td><td>642.764</td><td>651.450</td><td>660.136</td><
td>668.822</td><td>677.508</1d><td>686.194</1d></tr><t
r><td>80</td><td>694.880</1d><td>703.566</td>td>712.2
52¢/1d><td>720.938</td><td>729.624</td><td>738.310</t
d><td>746.996</1d><1d>755.682</td><td>764.368</1d><td
>773.054</td></tr><tr><td>90</td><td>781.740</td><td>79
0.426</td><td>799.112</td><td>807.798</1d><1d>816.484«
/td><td>825.170</td><td>833.856</td><td>842.542</td><t
d>851.228¢/td><td>859.914</1d></tr></table>

Figure E.6: Qualitative example on TableVerse-5K7[l]. HunyuanOCR-1.5 is able to parse tables with
diverse structures, styles, and content types.
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