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Abstract

We introduce Qwen3-VL, the most capable vision-language model in the Qwen series to
date, achieving superior performance across a broad range of multimodal benchmarks.
It natively supports interleaved contexts of up to 256K tokens, seamlessly integrat-
ing text, images, and video. The model family includes both dense (2B/4B/8B/32B)
and mixture-of-experts (30B-A3B/235B-A22B) variants to accommodate diverse la-
tency—quality trade-offs. Qwen3-VL delivers three core pillars: (i) markedly stronger
pure-text understanding, surpassing comparable text-only backbones in several cases;
(i) robust long-context comprehension with a native 256K-token window for both text
and interleaved multimodal inputs, enabling faithful retention, retrieval, and cross-
referencing across long documents and videos; and (iii) advanced multimodal reasoning
across single-image, multi-image, and video tasks, demonstrating leading performance
on comprehensive evaluations such as MMMU and visual-math benchmarks (e.g., Math-
Vista and MathVision). Architecturally, we introduce three key upgrades: (i) an enhanced
interleaved-MRoPE for stronger spatial-temporal modeling across images and video; (ii)
DeepStack integration, which effectively leverages multi-level ViT features to tighten
vision-language alignment; and (iii) text-based time alignment for video, evolving from
T-RoPE to explicit textual timestamp alignment for more precise temporal grounding. To
balance text-only and multimodal learning objectives, we apply square-root reweight-
ing, which boosts multimodal performance without compromising text capabilities.
We extend pretraining to a context length of 256K tokens and bifurcate post-training
into non-thinking and thinking variants to address distinct application requirements.
Furthermore, we allocate additional compute resources to the post-training phase to
further enhance model performance. Under comparable token budgets and latency
constraints, Qwen3-VL achieves superior performance in both dense and Mixture-of-
Experts (MoE) architectures. We envision Qwen3-VL serving as a foundational engine for
image-grounded reasoning, agentic decision-making, and multimodal code intelligence
in real-world workflows.
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1 Introduction

Vision-language models (VLMs) have achieved substantive progress in recent years, evolving from
foundational visual perception to advanced multimodal reasoning across images and video. The rapid
advancement of VLMs has given rise to a rapidly expanding landscape of downstream applications—such
as long-context understanding, STEM reasoning, GUI comprehension and interaction, and agentic
workflows. Crucially, these advances must not erode the underlying large language model’s (LLM’s)
linguistic proficiency; multimodal models are expected to match or surpass their text-only counterparts
on language benchmarks.

In this report, we present Qwen3-VL and its advances in both general-purpose and advanced applications.
Built on the Qwen3 series (Yang et al., 2025a), we instantiate four dense models (2B/4B/8B/32B) and two
mixture-of-experts (MoE) models (30B-A3B / 235B-A22B), each trained with a context window of up
to 256K tokens to enable long-context understanding. By optimizing the training corpus and training
strategy, we preserve the underlying LLM’s language proficiency during vision-language (VL) training,
thereby substantially improving overall capability. We release both non-thinking and thinking variants;
the latter demonstrates significantly stronger multimodal reasoning capabilities, achieving superior
performance on complex reasoning tasks.

We first introduce the architectural improvements, which span three components: 1) Enhanced positional
encoding. In Qwen2.5-VL, we used MRoPE as a unified positional encoding scheme for text and vision.
We observed that chunking the embedding dimensions into temporal (t), horizontal (h), and vertical (w)
groups induces an imbalanced frequency spectrum and hampers long-video understanding. We therefore
adopt an interleaved MRoPE that distributes t, h, and w uniformly across low- and high-frequency bands,
yielding more faithful positional representations. 2) DeepStack for cross-layer fusion. To strengthen
vision-language alignment, we incorporate the pioneering DeepStack (Meng et al., 2024) mechanism.
Visual tokens from different layers of the vision encoder are routed to corresponding LLM layers via
lightweight residual connections, enhancing multi-level fusion without introducing extra context length.
3) Explicit video timestamps. We replace the absolute-time alignment via positional encoding used in
Qwen2.5-VL with explicit timestamp tokens to mark frame groups, providing a simpler and more direct
temporal representation. In addition, on the optimization side, we move from a per-sample loss to a
square-root-normalized per-token loss, which better balances the contributions of text and multimodal
data during training.

To build a more capable and robust vision-language foundation model, we overhauled our training
data in terms of quality, diversity, and structure. Key upgrades include enhanced caption supervision,
expanded omni-recognition and OCR coverage, normalized grounding with 3D/spatial reasoning, and
new corpora for code, long documents, and temporally grounded video. We further infused chain-of-
thought reasoning and high-quality, diverse GUI-agent interaction data to bridge perception, reasoning,
and action. Together, these innovations enable stronger multimodal understanding, precise grounding,
and tool-augmented intelligence.

Our training pipeline consists of two stages: pretraining and post-training. Pretraining proceeds in
four phases: a warm-up alignment phase that updates only the merger (vision-language projection)
layers while keeping the rest of the model frozen, followed by full-parameter training with progressively
larger context windows at 8K, 32K, and 256K sequence lengths. Post-training comprises three phases: (i)
supervised fine-tuning on long chain-of-thought data, (ii) knowledge distillation from stronger teacher
models, and (iii) reinforcement learning.

The above innovations equip Qwen3-VL with strong capabilities not only as a robust vision-language
foundation model but also as a flexible platform for real-world multimodal intelligence—seamlessly inte-
grating perception, reasoning, and action across diverse application domains. In the following sections,
we present the model architecture, training framework, and extensive evaluations that demonstrate its
consistent and competitive performance on text, vision, and multimodal reasoning benchmarks.

2 Model Architecture

Following Qwen2.5-VL (Bai et al., 2025), Qwen3-VL adopts a three-module architecture comprising a
vision encoder, an MLP-based vision-language merger, and a large language model (LLM). Figure 1
depicts the detailed model structure.

Large Language Model: Qwen3-VL is instantiated in three dense variants (Qwen3-VL-2B/4B/8B/32B)
and two MoE variants (Qwen3-VL-30B-A3B, Qwen3-VL-235B-A22B), all built upon Qwen3 backbones.
The flagship model, Qwen3-VL-235B-A22B, has 235B total parameters with 22B activated per token. It
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Figure 1: The Qwen3-VL framework integrates a vision encoder and a language model decoder to process
multimodal inputs, including text, images, and video. The vision encoder is specifically designed to
handle dynamic, native-resolution visual inputs, mapping them to visual tokens of variable length.
To enhance perceptual capability and preserve rich visual information, we incorporate the pioneering
DeepStack mechanism, which injects visual tokens from multiple layers of the vision encoder into
corresponding layers of the LLM. Furthermore, we adopt Interleaved MRoPE to encode positional
information for multimodal inputs with a balanced frequency spectrum, and introduce text-based
timestamp tokens to more effectively capture the temporal structure of video sequences.

outperforms most VLMs across a broad set of multimodal tasks and surpasses its text-only counterpart
on the majority of language benchmarks.

Vision Encoder: We utilize the SigLIP-2 architecture (Tschannen et al., 2025) as our vision encoder and
continue training it with dynamic input resolutions, initialized from official pretrained checkpoints. To
accommodate dynamic resolutions effectively, we employ 2D-RoPE and interpolate absolute position
embeddings based on input size, following the methodology of CoMP (Chen et al., 2025). Specifically, we
default to the SigLIP2-SO-400M variant and use SigLIP2-Large (300M) for small-scale LLMs (2B and 4B).

MLP-based Vision-Language Merger: As in Qwen2.5-VL, we use a two-layer MLP to compress 2 x 2
visual features from the vision encoder into a single visual token, aligned with the LLM’s hidden
dimension. Additionally, we deploy specialized mergers to support the DeepStack mechanism (Meng
et al., 2024), the details of which are fully described in Section 2.2.

2.1 Interleaved MRoPE

Qwen2-VL (Wang et al., 2024c) introduced MRoPE to model positional information for multimodal inputs.
In its original formulation, the embedding dimensions are partitioned into temporal (t), horizontal (h),

and vertical (w) subspaces, each assigned distinct rotary frequencies. This results in an imbalanced

frequency spectrum, which subsequent studies have shown to degrade performance on long-video

understanding benchmarks. To address this, we redesign the frequency allocation by interleaving the

t, h, and w components across the embedding dimensions (Huang et al., 2025). This ensures that each

spatial-temporal axis is uniformly represented across both low- and high-frequency bands. The resulting

balanced spectrum mitigates the original spectral bias and significantly improves long-range positional
modeling for video.
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2.2 DeepStack

We draw inspiration from DeepStack (Meng et al., 2024) and inject visual tokens into multiple layers of
the LLM. Unlike the original DeepStack approach, which stacks tokens from multi-scale visual inputs,
we extend DeepStack to extract visual tokens from intermediate layers of the Vision Transformer (ViT).
This design preserves rich visual information, ranging from low- to high-level representations.

Specifically, as illustrated in Figure 1, we select features from three distinct levels of the vision encoder.
Subsequently, dedicated vision-language merger modules project these multi-level features into visual
tokens, which are then added directly to the corresponding hidden states of the first three LLM layers.

2.3 Video Timestamp

In Qwen2.5-VL, a time-synchronized variant of MRoPE is employed to endow the model with temporal
awareness. However, we identify two key limitations of this approach: (1) By tying temporal position
IDs directly to absolute time, the method produces excessively large and sparse temporal position ids for
long videos, degrading the model’s ability to understand long temporal contexts. (2) Effective learning
under this scheme requires extensive and uniformly distributed sampling across various frame rates
(fps), significantly increasing the cost of training data construction.

To address these issues, we adopt a textual token—based time encoding strategy (Chen et al., 2024b),
wherein each video temporal patch is prefixed with a timestamp expressed as a formatted text string—e.g.,
<3.0 seconds>. Furthermore, during training, we generate timestamps in both seconds and HMS
(hours:minutes:seconds) formats to ensure the model learns to interpret diverse timecode representations.
Although this approach incurs a modest increase in context length, it enables the model to perceive
temporal information more effectively and precisely, thereby facilitating time-aware video tasks such as
video grounding and dense captioning.

3 Pre-Training

3.1 Training Recipe

We first enhance the vision encoder by conducting continuous training with dynamic resolutions based
on the pre-trained SigLIP-2 model. The overall Qwen3-VL model adopts a three-module architecture,
comprising this vision encoder, an MLP-based vision-language merger, and a Qwen3 large language
model (LLM) backbone. Building on this architecture, our pre-training methodology is systematically
structured into four distinct stages, designed to progressively build capabilities from basic alighment to
long-context understanding. An overview of these stages is presented in Table 1.

Table 1: Training setup and hyperparameters across different stages for Qwen3-VL.

Stage Objective Training Token Budget Sequence Length
S0  Vision-Language Alignment Merger 67B 8,192
51 Multimodal Pre-Training All ~1T 8,192
S2 Long-Context Pre-Training All ~1T 32,768
S3  Ultra-Long-Context Adaptation  All 100B 262,144

Stage 0: Vision-Language Alignment. The initial stage (S0) focuses on efficiently bridging the modality
gap between the vision encoder and the LLM. Crucially, only the parameters of the MLP merger are
trained during this phase, while both the vision encoder and the LLM backbone remain frozen. We utilize
a curated dataset of approximately 67B tokens, consisting of high-quality image-caption pairs, visual
knowledge collections, and optical character recognition (OCR) data. All training is conducted with a
sequence length of 8,192. This alignment-first approach establishes a solid foundation for cross-modal
understanding before proceeding to full-parameter training.

Stage 1: Multimodal Pre-Training. Following the initial alignment, Stage 1 (S1) transitions to full-
parameter Multimodal Pre-Training. In this phase, we unfreeze all model components—the vision
encoder, the merger, and the LLM—for joint end-to-end training. The model is trained on a massive
and diverse dataset of approximately 1 trillion (1T) tokens. To maintain the LLM’s strong language
abilities, the data mixture is composed of vision-language (VL) data and text-only data. The VL portion
is rich and varied, adding interleaved image-text documents, visual grounding tasks, visual question
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answering (VQA), data from STEM domains, and a small amount of video data to introduce temporal
understanding. The sequence length remains at 8,192.

Stage 2: Long-Context Pre-Training. Stage 2 (S2) aims to significantly extend the model’s contextual
processing abilities. A key change in this stage is the quadrupling of the sequence length to 32,768, while
all model parameters continue to be trainable. Training is conducted on a dataset of approximately
1T tokens, with an adjusted data mixture to support long-context tasks. The proportion of text-only
data is increased to bolster long-form text comprehension, while the remaining VL data incorporates a
significantly larger volume of video and agent-oriented instruction-following data. This stage is critical
for enabling the model to process and reason over longer videos and complex, multi-step tasks.

Stage 3: Ultra-Long-Context Adaptation. The final stage (S3) is a specialized phase designed to push the
model’s context window to its operational limits. Here, we dramatically increase the sequence length to
262,144. The model is trained on a more focused 100B token dataset specifically curated for this purpose.
The data is also composed of text-only data and VL data, with a strong emphasis on long-video and long-
document understanding tasks. This final adaptation solidifies Qwen3-VL's proficiency in processing
and analyzing extremely long sequential inputs, a key capability for applications like comprehensive
document analysis and lengthy video summarization.

3.2 Pre-Training Data

3.2.1 Image Caption and Interleaved Text-Image Data

To build a robust foundation model for general-purpose vision-language understanding, we significantly
expand and refine two core data modalities: image—caption pairs and interleaved text-image sequences.
Our strategy emphasizes high-quality, diverse, and semantically rich multimodal grounding, supported
by purpose-built models and rigorous filtering pipelines.

Image Caption Data: We curate a large-scale corpus of contemporary, predominantly Chinese-English
multilingual image—-text pairs from web sources and apply a multi-stage refinement pipeline centered
on a specialized Qwen2.5-VL-32B model fine-tuned for recaptioning. This model leverages the original
raw text associated with each image to generate more comprehensive, fluent, and fine-grained cap-
tions—enriching descriptions of visual elements (e.g., object attributes, spatial layouts, and contextual
semantics) while simultaneously improving the linguistic quality and informativeness of the textual
component.

Deduplication is performed exclusively on the recaptioned text using semantic similarity metrics, en-
suring removal of redundant samples without sacrificing visual diversity. To further enhance coverage
of underrepresented concepts, we apply clustering (Johnson et al., 2019; Douze et al., 2024; Diao et al.,
2025) over visual embeddings to identify sparse regions in the data distribution and perform targeted
augmentation. The result is a high-fidelity caption dataset that balances scale, diversity, and descriptive
granularity.

Interleaved Text-Image Data: We collect diverse real-world multimodal documents sourced from
recent Chinese and English websites (Laurencon et al., 2023; Zhu et al., 2023; Li et al., 2024c). All
documents undergo domain classification (Wettig et al., 2025) using a lightweight Qwen-based scorer
fine-tuned for fine-grained domain identification. Based on validation experiments across domains, we
systematically exclude harmful or low-value categories—such as advertisements, promotional content,
and clickbait—using the same efficient scorer to filter out undesirable samples.

For book-scale interleaved data, we employ a fine-tuned Qwen2.5-VL-7B model to perform high-accuracy
multimodal parsing, precisely extracting and aligning text with embedded figures, diagrams, and
photographs. To enable ultra-long context modeling, we construct a specialized subset by merging
consecutive pages into sequences of up to 256K tokens, preserving natural page order and multimodal
coherence. During preprocessing, we enforce strict quality controls: (i) pure-text or low-alignment
segments are removed; (ii) for ultra-long book sequences, we require a minimum page count and a
minimum image-to-text ratio to ensure meaningful visual-textual interaction throughout the context. This
yields a clean, diverse, and layout-aware interleaved corpus optimized for both grounded understanding
and long-range multimodal reasoning.

3.2.2 Knowledge
World knowledge is essential for multimodal large language models (MLLMSs) to achieve robust visual

understanding, grounded reasoning, and entity-aware generation across diverse downstream tasks. To
equip Qwen3-VL with a comprehensive grasp of both real-world and fictional concepts, we construct a
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large-scale pretraining dataset centered on well-defined entities spanning more than a dozen semantic
categories—including animals, plants, landmarks, food, and everyday objects such as vehicles, electronics,
and clothing.

Real-world entities follow a long-tailed distribution: prominent concepts appear frequently with high-
quality annotations, while the majority are rare. To address this imbalance, we adopt an importance-based
sampling strategy. High-prominence entities are sampled more heavily to ensure a sufficient learning
signal, while low-prominence entities are included in smaller proportions to maintain broad coverage
without overwhelming the training process. This approach effectively balances data quality, utility, and
diversity.

All retained samples undergo a multi-stage refinement pipeline. In addition to standard filtering for
noise and misalignment, we replace original or sparse captions—such as generic alt-text—with richer,
LLM-generated descriptions. These enhanced captions not only identify the main entity but also describe
its visual attributes, surrounding context, spatial layout, and interactions with other objects or people,
thereby providing a more complete and grounded textual representation.

Together, these efforts yield a knowledge-rich, context-aware, and discrimination-focused training signal
that significantly enhances Qwen3-VL’s ability to recognize, reason about, and accurately describe visual
concepts in real-world scenarios.

3.2.3 OCR, Document Parsing and Long Document Understanding

OCR: To enhance OCR performance on real-world images, we curate a dataset of 30 million in-house
collected samples using a coarse-to-fine pipeline. This pipeline refines OCR annotations by integrating
pseudo-labels from OCR-specialized models with refinements from Qwen2.5-VL—without any human
annotation. Expanding beyond the 10 languages supported by Qwen2.5-VL (excluding Chinese and
English), we incorporate an additional 29 languages, synthesizing approximately 30 million high-quality
multilingual OCR samples and curating over 1 million internal real-world multilingual images.

Document Parsing: For document parsing, we collect 3 million PDFs from Common Crawl, evenly
distributed across 10 document types (300K samples each), along with 4 million internal documents. An
in-house layout model first predicts the reading order and bounding boxes for textual and non-textual
regions; Qwen2.5-VL-72B then performs region-specific recognition. The outputs are reassembled into
position-aware, layout-aligned parsing data.

To ensure robust parsing across heterogeneous formats, we design a unified annotation framework
supporting two representations:

* QwenVL-HTML, which includes fine-grained, element-level bounding boxes;

* QwenVL-Markdown, where only images and tables are localized, with tables encoded in LaTeX.

We construct a large-scale synthetic HTML corpus with precise annotations and systematically convert it
to Markdown format. To further improve model generalization, we generate pseudo-labels on extensive
collections of real documents and filter them for quality. The final training set combines synthetic and
high-quality pseudo-labeled data to enhance both scalability and robustness.

Long Document Understanding: To enhance the model’s ability to understand multi-page PDFs—often
spanning dozens of pages—we leverage a large-scale corpus of long-document data. First, we synthesize
long-document parsing sequences by merging single-page document samples. In each sequence, multiple
page images are placed at the beginning, followed by their corresponding text derived from OCR or
HTML parsing. Second, we construct long-document visual question answering (VQA) data. Specifically,
we sample high-quality multi-page PDFs and generate a diverse set of VQA examples that require the
model to reason across multiple pages and heterogeneous document elements—such as charts, tables,
figures, and body text. We carefully balance the distribution of question types and ensure that supporting
evidence draws from a wide range of modalities and layout components, thereby promoting robust,
grounded, and multi-hop reasoning over extended contexts.

3.24 Grounding and Counting

Visual grounding is a fundamental capability for multimodal models, enabling them to accurately identify,
interpret, and localize a wide spectrum of visual targets from specific objects to arbitrary image regions.
In Qwen3-VL, we systematically enhance grounding proficiency and support two grounding modalities:
bounding boxes and points. These representations allow for precise and flexible interpretation of image
content across diverse scenarios and downstream tasks. In addition, we extend the grounding capacity of
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the model to support counting, enabling quantitative reasoning about visual entities. In the following,
we briefly describe the data construction pipelines for grounding and counting.

Box-based Grounding: We begin by aggregating widely used open-source datasets, including COCO (Lin
et al., 2014), Objects365 (Shao et al., 2019), Openlmages (Kuznetsova et al., 2020), and RefCOCO/+/g
(Kazemzadeh et al., 2014; Mao et al., 2016). To further enrich data diversity, we developed an automated
synthesis pipeline that generates high-quality object annotations across a broad range of scenarios.
This pipeline operates in three stages: (i) object candidates are extracted from unlabeled images using
Qwen2.5-VL; (ii) these candidates are localized and annotated using both open-vocabulary detectors
(specifically, Grounding DINO (Liu et al., 2023a)) and Qwen2.5-VL; and (iii) the resulting annotations
undergo quality assessment, with low-confidence or inaccurate ones systematically filtered out. Through
this approach, we constructed a large-scale, highly diverse box-based grounding dataset spanning a wide
variety of visual contexts and object categories.

Point-based Grounding: To ensure robust point-based grounding, we curated a comprehensive dataset
combining publicly available and synthetically generated pointing annotations. It integrates three sources:
(i) public pointing and counting annotations from PixMo (Deitke et al., 2024); (ii) object grounding data
derived from public object detection and instance segmentation benchmarks; and (iii) high-precision
pointing annotations generated by a dedicated synthesis pipeline designed to target fine-grained image
details.

Counting: Building upon the grounding data, we curated a high-quality subset to form the basis of our
counting dataset, which includes three distinct task formulations: direct counting, box-based counting,
and point-based counting. Collectively, these three task types constitute a comprehensive counting
dataset.

Different from Qwen2.5-VL, we adopt a normalized coordinate system scaled to the range [0, 1000] in this
version. This design improves robustness to variations in image resolution and aspect ratio across diverse
inputs, while also simplifying post-processing and enhancing the usability of predicted coordinates in
downstream applications.

3.2.5 Spatial Understanding and 3D Recognition

To facilitate sophisticated interaction with the physical world, Qwen3-VL is designed with a deep
understanding of spatial context. This enables the model to interpret spatial relationships, infer object
affordances, and perform action planning and embodied reasoning. It can also estimate the 3D spatial
positions of objects from a single monocular image. To support these capabilities, we created two
comprehensive datasets focused on Spatial Understanding and 3D Grounding.

Spatial Understanding. Beyond localizing objects, Qwen3-VL is trained to reason about spatial rela-
tionships, object affordances, and feasible actions in 2D scenes—capabilities essential for embodied Al
and interactive applications. To this end, we construct a specialized dataset that goes beyond standard
grounding by incorporating: (i) relational annotations (e.g., “the cup to the left of the laptop”), (ii)
affordance labels (e.g., “graspable”, “pressable”, “sittable”), and (iii) action-conditioned queries that
require planning (e.g., “What should I move first to reach the book behind the monitor?”). These samples
are derived from both curated real-world scenes and synthetically generated layouts, with natural lan-
guage queries automatically generated via templated and LLM-based methods to ensure diversity and
complexity. Critically, all spatial references are expressed relative to other objects or scene frames, rather
than absolute coordinates, encouraging robust relational reasoning. This training enables Qwen3-VL to
not only answer “where” questions but also “how” and “what can be done” — forming a foundation for
agentic interaction with visual environments.

3D Grounding. To further enhance the model’s ability to understand the physical world from images,
we constructed a specialized pretraining dataset for 3D visual grounding. We sourced data from public
collections of diverse indoor and outdoor scenes and reformulated it into a visual question-answering
format. Each sample consists of: 1) a single-view camera image, 2) a natural language referring expression,
and 3) the corresponding 9-DoF 3D bounding box annotations in a structured JSON format, specifying the
object’s spatial position and semantic label. As the 3D bounding boxes are derived from multiple sensors
and data sources, they exhibit varying camera intrinsic parameters and inherent noise. To this end, we
filter out heavily occluded and inaccurate labels and follow Omni3D (Brazil et al., 2023) to unify all data
into a virtual camera coordinate system. We also synthesized a large corpus of descriptive captions to
create rich textual queries for 3D grounding. These descriptions go beyond naming the object’s category
to include detailed attributes, layout arrangements, spatial location, visual affordances, and interactions
with surrounding objects—yielding more fine-grained and grounded referring expressions.
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3.2.6 Code

We enhance the Qwen3-VL series with dedicated coding capabilities by incorporating two categories of
code-related data into the training corpus, enabling the model to read, write, and reason about programs
in both text-only and visually grounded contexts.

Text-Only Coding. We reuse the extensive code corpus from the Qwen3 and Qwen3-Coder series. This
large-scale dataset spans a wide range of programming languages and domains—including software
development, algorithmic problem solving, mathematical reasoning, and agent-oriented tasks—and
establishes the model’s foundational understanding of code syntax, algorithmic logic, and general-
purpose program generation.

Multimodal Coding. To address tasks requiring both visual understanding and code generation, we
curate data for a diverse suite of multimodal coding tasks. This dataset, sourced from both open-source
datasets and internal synthesis pipelines, teaches the model to jointly understand visual inputs and
generate functional code. The data covers several key tasks, including: converting Ul screenshots into
responsive HTML/CSS; generating editable SVG codes from images (Li et al., 2025c); solving visual
programming challenges (Li et al., 2024a); answering multimodal coding questions (e.g., StackOverflow
posts with images); and transcribing visual representations (such as flowcharts, diagrams, and IXTEX
equations) into their respective code or markup. This novel data mixture enables Qwen3-VL to act as a
bridge between visual perception and executable logic.

3.2.7 Video

The video comprehension capabilities of Qwen3-VL have been substantially advanced, enabling robust
modeling of temporal dynamics across frames, fine-grained perception of spatial relationships, and
coherent summarization of ultra-long video sequences. This enhancement is underpinned by a data
processing pipeline featuring two principal innovations:

Temporal-Aware Video Understanding. (i) Dense Caption Synthesis: For long video sequences, we
employ a short-to-long caption synthesis strategy to generate holistic, timestamp-interleaved, and
temporally coherent story-level descriptions. Leveraging in-house captioning models, we further produce
fine-grained annotations that jointly capture event-level temporal summaries and segment-specific visual
details. (ii) Spatio-Temporal Video Grounding: We curate and synthesize large-scale video data annotated
at the levels of objects, actions, and persons to strengthen the model’s spatio-temporal grounding
capabilities, thereby improving its capacity for fine-grained video understanding.

Video Data Balancing and Sampling. (i) Source Balancing: To ensure data balance and diversity, we
assemble a large-scale dataset encompassing various video sources, including instructional content,
cinematic films, egocentric recordings, etc. Dataset balance is achieved through systematic curation
guided by metadata such as video titles, duration, and categorical labels. (ii) Length-Adaptive Sampling:
During pre-training stages, we dynamically adjust sampling parameters, such as frames per second (fps)
and the maximum number of frames, according to different sequence length constraints. This adaptive
strategy mitigates information loss associated with suboptimal sampling practices (e.g., overly sparse
frame selection or excessively low spatial resolution), thus preserving visual details and optimizing
training efficacy.

3.2.8 Science, Technology, Engineering, and Mathematics (STEM)

Multimodal reasoning lies at the heart of Qwen3-VL, with STEM reasoning constituting its most essential
part. Our philosophy follows a divide-and-conquer strategy: we first develop fine-grained visual
perception and robust linguistic reasoning capabilities independently, and then integrate them in a
synergistic manner to achieve effective multimodal reasoning.

Visual Perception Data. We develop a dedicated synthetic data generation pipeline that constructs
geometric diagrams through programmatic (code-based) rendering. Using this pipeline, we generate: (i)
1 million point-grounding samples, such as intersection points, corners, and centers of gravity; and (ii) 2
million perception-oriented visual question answering pairs targeting fine-grained visual understanding
of diagrams. To obtain high-fidelity textual descriptions, we further implement a two-stage captioning
framework: an initial generation phase followed by rigorous model-based verification. Both stages
employ ensembles of specialized models to ensure accuracy and descriptive granularity. This process
yields a comprehensive dataset of 6 million richly annotated diagram captions spanning diverse STEM
disciplines.

Multi-modal Reasoning Data. The majority of our multi-modal reasoning data consists of over 60

8
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million K-12 and undergraduate-level exercises, meticulously curated through a rigorous cleaning and
reformulation pipeline. During quality filtering, we discard low-quality items, including those with
corrupted images, irrelevant content, or incomplete or incorrect answers. During the reformulation stage,
we translate exercises between Chinese and English and standardize the format of answers—such as
step-by-step solution lists, mathematical expressions, and symbolic notations—to ensure consistency
and uniform presentation. Regarding long CoT problem-solving data, we synthesize over 12 million
multimodal reasoning samples paired with images. To ensure the continuity and richness of the reasoning
process, we utilize the original rollouts generated by a strong reasoning model. To guarantee data
reliability and applicability, each sample’s reasoning trajectory undergoes rigorous validation—combining
rule-based checks and model-based verification—and any instances containing ambiguous answers or
code-switching are explicitly filtered out. Furthermore, to enhance reasoning quality, we retain only
challenging problems via rejection sampling.

Linguistic Reasoning Data. In addition to multimodal reasoning data, we also incorporate reasoning
data from Qwen3, as multimodal reasoning capabilities are largely derived from linguistic reasoning
competence.

3.29 Agent

GUI: To endow Qwen3-VL with agentic capability for autonomous interaction with graphical user
interfaces (GUIs), we curate and synthesize large-scale, cross-platform data spanning desktop, mobile,
and web environments (Ye et al., 2025; Wang et al., 2025a; Lu et al., 2025). For GUI interface perception, we
leverage metadata, parsing tools, and human annotations to construct tasks such as element description,
dense captioning, and dense grounding, enabling robust understanding of diverse user interfaces. For
agentic capability, we assemble multi-step task trajectories via a self-evolving trajectory-production
framework, complemented by targeted human audits; we also carefully design and augment Chain-
of-Thought rationales to strengthen planning, decision-making, and reflective self-correction during
real-world execution.

Function Calling: For general function calling capabilities with multimodal contexts, we build a mul-
timodal function calling trajectory synthesis pipeline. We first instruct capable models with images to
generate user queries and their corresponding function definitions. We then sample model function calls
with rationales and synthesize the function responses. This process is repeated until the user’s query is
judged to be solved. Between each step, trajectories can be filtered out due to formatting errors. Such a
pipeline enables us to construct large-scale multimodal function-calling trajectories from vast images,
without the need to implement executable functions.

Search: Among the general function calling capabilities, we regard the ability to perform searches as key
to facilitating knowledge integration for long-tail entities in real-world scenarios. In this case, we collect
multimodal factual lookup trajectories with online image search and text search tools, encouraging the
model to perform searches for unfamiliar entities. By doing so, the model learns to gather information
from the web to generate more accurate responses.

4 Post-Training

4.1 Training Recipe

Our post-training pipeline is a three-stage process designed to refine the model’s instruction-following
capabilities, bolster its reasoning abilities, and align it with human preferences. The specific data and
methods for each stage are detailed in the subsequent sections.

Supervised Fine-Tuning (SFT). The first stage imparts instruction-following abilities and activates latent
reasoning skills. This is conducted in two phases: an initial phase at a 32k context length, followed by
an extension to a 256k context window that focuses on long-document and long-video data. To cater
to different needs, we bifurcate the training data into standard formats for non-thinking models and
Chain-of-Thought (CoT) formats for thinking models, the latter of which explicitly models the reasoning
process.

Strong-to-Weak Distillation. The second stage employs knowledge distillation, where a powerful
teacher model transfers its capabilities to our student models. Crucially, we perform this distillation using
text-only data to fine-tune the LLM backbone. This method proves highly effective, yielding significant
improvements in reasoning abilities across both text-centric and multimodal tasks.

Reinforcement Learning (RL). The final stage utilizes RL to further enhance model performance and
alignment. This phase is divided into Reasoning RL and General RL. We apply large-scale reinforcement
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learning across a comprehensive set of text and multimodal domains, including but not limited to math,
OCR, grounding, and instruction-following, to improve finer-grained capabilities.

4.2 Cold Start Data
421 SFT Data

Our principal objective is to endow the model with the capacity to address a wide spectrum of real-
world scenarios. Building upon the foundational capabilities of Qwen2.5-VL, which is proficient in
approximately eight core domains and 30 fine-grained subcategories, we have strategically expanded
its functional scope. This expansion was achieved by integrating insights from community feedback,
academic literature, and practical applications, facilitating the introduction of novel capabilities. These
include, but are not limited to, spatial reasoning for embodied intelligence, image-grounded reasoning for
fine-grained visual understanding, spatio-temporal grounding in videos for robust object tracking, and
the comprehension of long-context technical documents spanning hundreds of pages. Guided by these
target tasks and grounded in authentic use cases, we systematically curated the SFT dataset through the
meticulous selection and synthesis of samples from open-source datasets and web resources. This targeted
data engineering effort has been instrumental in establishing Qwen3-VL as a more comprehensive and
robust multimodal foundation model.

This dataset comprises approximately 1,200,000 samples, strategically composed to foster robust mul-
timodal capabilities. This collection is partitioned into unimodal and multimodal data, with one-third
consisting of text-only entries and the remaining two-thirds comprising image-text and video-text pairs.
The integration of multimodal content is specifically designed to enable the model to interpret complex,
real-world scenarios. To ensure global relevance, the dataset extends beyond its primary Chinese and En-
glish corpora to include a diverse set of multilingual samples, thereby broadening its linguistic coverage.
Furthermore, it simulates realistic conversational dynamics by incorporating both single-turn and multi-
turn dialogues contextualized within various visual settings, from single-image to multi-image sequences.
Crucially, the dataset also features interleaved image-text examples engineered to support advanced
agentic behaviors, such as tool-augmented image search and visually-grounded reasoning. This heteroge-
neous data composition ensures comprehensive coverage and enhances the dataset’s representativeness
for training generalizable and sophisticated multimodal agents.

Given Qwen3-VL's native support for a 256K token context length, we employ a staged training strategy
to optimize for computational efficiency. This strategy comprises two phases: an initial one-epoch
training phase with a sequence length of 32K tokens, followed by a second epoch at the full 256K token
length. During this latter stage, the model is trained on a curriculum that interleaves long-context inputs
with data sampled at the 32K token length. The long-context inputs include materials such as hundreds
of pages of technical documents, entire textbooks, and videos up to two hours in duration.

The quality of training data is a critical determinant of the performance of vision-language models.
Datasets derived from open-source and synthetic origins are often plagued by substantial variability
and noise, including redundant, irrelevant, or low-quality samples. To mitigate these deficiencies, the
implementation of a rigorous data filtering protocol is indispensable. Accordingly, our data curation
process incorporates a two-phase filtering pipeline: Query Filtering and Response Filtering.

Query Filtering. In this initial phase, we leverage Qwen2.5-VL to identify and discard queries that are
not readily verifiable. Queries with ambiguous instructions are minimally revised to enhance clarity
while preserving the original semantic intent. Furthermore, web-sourced queries lacking substantive
content are systematically eliminated. Crucially, all remaining queries undergo a final assessment of their
complexity and contextual relevance, ensuring only appropriately challenging and pertinent samples are
retained for the next stage.

Response Filtering. This phase integrates two complementary strategies:

* Rule-Based Filtering: A set of predefined heuristics is applied to eliminate responses exhibiting
qualitative deficiencies, such as repetition, incompleteness, or improper formatting. To maintain
semantic relevance and uphold ethical principles, we also discard any query-response pairs that are
off-topic or possess the potential to generate harmful content.

* Model-Based Filtering: The dataset is further refined by employing reward models derived from the
Qwen2.5-VL series. These models conduct a multi-dimensional evaluation of multimodal question-
answering pairs. Specifically: (a) answers are scored against a range of criteria, including correctness,
completeness, clarity, and helpfulness; (b) for vision-grounded tasks, the evaluation places special
emphasis on verifying the accurate interpretation and utilization of visual information; and (c) this
model-based approach enables the detection of subtle issues that typically elude rule-based methods,
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such as inappropriate language mixing or abrupt stylistic shifts.

This multi-dimensional filtering framework ensures that only data meeting stringent criteria for quality,
reliability, and ethical integrity is advanced to the SFT phase.

4.2.2 Long-CoT Cold Start Data

The foundation of our thinking models is a meticulously curated Long Chain-of-Thought (CoT) cold
start dataset, engineered to elicit and refine complex reasoning capabilities. This dataset is built upon a
diverse collection of queries spanning both pure-text and multimodal data, maintaining an approximate
1:1 ratio between vision-language and text-only samples to ensure balanced skill development.

The multimodal component, while covering established domains such as visual question answering
(VQA), optical character recognition (OCR), 2D /3D grounding, and video analysis, places a special
emphasis on enriching tasks related to STEM and agentic workflows. This strategic focus is designed to
push the model’s performance on problems requiring sophisticated, multi-step inference. The pure-text
portion closely mirrors the data used for Qwen3, featuring challenging problems in mathematics, code
generation, logical reasoning, and general STEM.

To guarantee high quality and an appropriate level of difficulty, we implement a rigorous multi-stage
filtering protocol.

¢ Difficulty Curation: We selectively retain instances where baseline models exhibited low pass rates or
generated longer, more detailed responses. This enriches the dataset with problems that are genuinely
challenging for current models.

* Multimodal Necessity Filtering: For vision-language mathematics problems, we introduce a critical
filtering step: we discard any samples that our Qwen3-30B-nothink model could solve correctly without
access to the visual input. This ensures that the remaining instances genuinely necessitate multimodal
understanding and are not solvable via textual cues alone.

* Response Quality Control: Aligning with the methodology of Qwen3, we sanitize the generated
responses. For queries with multiple candidate answers, we first remove those containing incorrect
final results. Subsequently, we filter out responses exhibiting undesirable patterns, such as excessive
repetition, improper language mixing, or answers that showed clear signs of guessing without sufficient
reasoning steps.

This stringent curation process yields a high-quality, challenging dataset tailored for bootstrapping
advanced multimodal reasoning.

4.3 Strong-to-Weak Distillation

We adopt the Strong-to-Weak Distillation pipeline as described in Qwen3 to further improve the perfor-
mance of lightweight models. This distillation process consists of two main phases:

e Off-policy Distillation: In the first phase, outputs generated by teacher models are combined to
provide response distillation. This helps lightweight student models acquire fundamental reasoning
abilities, establishing a strong foundation for subsequent on-policy training.

* On-policy Distillation: In the second phase, the student model generates the responses based on the
provided prompts. These on-policy sequences are then used for fine-tuning the student model. We
align the logits predicted by the student and teacher by minimizing the KL divergence.

44 Reinforcement Learning

4.4.1 Reasoning Reinforcement Learning

We train models across a diverse set of text and multimodal tasks, including mathematics, coding, logical
reasoning, visual grounding, and visual puzzles. Each task is designed so that solutions can be verified
deterministically via rules or code executors.

Data Preparation We curate training data from both open-source and proprietary sources and apply
rigorous preprocessing and manual annotation to ensure high-quality RL queries. For multimodal
queries, we use a preliminary checkpoint of our most advanced vision-language model (Qwen3-VL-235B-
A22B) to sample 16 responses per query; any query for which all responses are incorrect is discarded.
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We then run preliminary RL experiments per task to identify and remove data sources with limited
potential for improvement. This process yields approximately 30K RL queries covering a variety of text
and multimodal tasks. For training each model, we sample 16 responses for all queries and filter out
easy queries whose pass rate exceeds 90%. We shuffle and combine task-specific datasets to construct
mixed-task batches, ensuring a consistent, predefined ratio of samples per task. The ratio is determined
through extensive preliminary experiments.

Reward System We implement a unified reward framework that delivers precise feedback across all
tasks. The system provides shared infrastructure—data preprocessing, utility functions, and a reward
manager to integrate multiple reward types—while the core reward logic is implemented per task. We
use task-specific format prompts to guide model outputs to the required formats and therefore do not rely
on explicit format rewards. To mitigate code-switching, we apply a penalty when the response language
differs from the prompt language.

RL Algorithm We employ SAPO (Gao et al., 2025), a smooth and adaptive policy-gradient method,
for RL training. SAPO delivers consistent improvements across diverse text and multimodal tasks and
across different model sizes and architectures.

44.2 General Reinforcement Learning

The General Reinforcement Learning (RL) stage is designed to enhance the model’s generalization
capabilities and operational robustness. To this end, we employ a multi-task RL paradigm where the
reward function is formulated based on a comprehensive set of tasks from the SFT phase, including VOA,
image captioning, OCR, document parsing, grounding, and clock recognition. The reward mechanism is
structured to optimize two principal dimensions of model performance:

¢ Instruction Following: This dimension evaluates the model’s adherence to explicit user directives. It
assesses the ability to handle complex constraints on content, format, length, and structured outputs
(e.g., JSON), ensuring the generated response precisely matches user requirements.

* Preference Alignment: For open-ended or subjective queries, this dimension aligns the model’s outputs
with human preferences by optimizing for helpfulness, factual accuracy, and stylistic appropriateness.
This fosters a more natural and engaging user interaction.

Furthermore, this stage acts as a corrective mechanism to unlearn strong but flawed knowledge priors
ingrained during SFT. We address this by introducing specialized, verifiable tasks designed to trigger
these specific errors, such as counter-intuitive object counting and complex clock time recognition. This
targeted intervention is designed to supplant erroneous priors with factual knowledge.

Another critical objective is to mitigate inferior behaviors like inappropriate language mixing, excessive
repetition, and formatting errors. However, the low prevalence of these issues makes general RL a
sample-inefficient correction strategy. To overcome this, we curate a dedicated dataset at this stage. This
dataset isolates prompts known to elicit such undesirable behaviors. This focused training enables the
application of targeted, high-frequency penalties, effectively suppressing these residual errors.

Feedback for the RL process is delivered via a hybrid reward system that combines two complementary
approaches:

* Rule-Based Rewards: This approach provides unambiguous, high-precision feedback for tasks with
verifiable ground truths, such as format adherence and instruction following. By using well-defined
heuristics, this method offers a robust mechanism for assessing correctness and effectively mitigates
reward hacking, where a model might exploit ambiguities in a learned reward function.

* Model-Based Rewards: This method employs Qwen2.5-VL-72B-Instruct or Qwen3 as sophisticated
judgers. The judge models evaluate each generated response against a ground-truth reference, scoring
its quality across multiple axes. This approach offers superior flexibility for assessing nuanced or open-
ended tasks where strict, rule-based matching is inadequate. It is particularly effective at minimizing
false negatives that would otherwise penalize valid responses with unconventional formatting or
phrasing.

4.5 Thinking with Images
Inspired by the great prior works on "thinking with images" (Wu et al., 2025a; Jin et al., 2025; Zheng et al.,

2025; Lai et al., 2025), we endow Qwen3-VL with similar agentic capabilities through a two-stage training
paradigm.
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In the first stage, we synthesize a cold-start agentic dataset comprising approximately 10k grounding
examples—primarily simple two-turn visual question answering tasks such as attribute detection. We
then perform supervised fine-tuning (SFT) on Qwen2.5-VL-32B to emulate the behavior of a visual agent:
think — act — analyze feedback — answer. To further enhance its reasoning abilities, we apply multi-turn,
tool-integrated reinforcement learning (RL).

In the second stage, we distill the trained Qwen2.5-VL-32B visual agents from the first stage to generate a
larger, more diverse dataset of approximately 120k multi-turn agentic interactions spanning a broader
range of visual tasks. We then apply a similar cold-start SFT and tool-integrated RL pipeline (now using
both distilled and synthesized data) for the post-training of Qwen3-VL.

The multi-turn, tool-integrated RL procedure is nearly identical across both stages, differing only in
the underlying data. During RL, we employ three complementary reward signals to encourage robust,
tool-mediated reasoning:

¢ Answer Accuracy Reward leverages Qwen3-32B to measure whether the final answer is correct.

* Multi-Turn Reasoning Reward leverages Qwen2.5-VL-72B to evaluate whether the assistant correctly
interprets tool or environment feedback and arrives at the answer through coherent, step-by-step
reasoning.

¢ Tool-Calling Reward encourages appropriate tool usage by comparing the actual number of tool calls
to an expert-estimated target. This target is determined offline by Qwen2.5-VL-72B based on task
complexity.

Early experiments reveal a tendency for models to degenerate into making only a single tool call to
hack the first two rewards, regardless of task demands. To mitigate this, we explicitly incorporate the
tool-calling reward to promote adaptive tool exploration aligned with task complexity.

4.6 Infrastructure

We train the Qwen3-VL series models on Alibaba Cloud’s PAI-Lingjun AI Computing Service, which
provides the high-performance computing power required for compute-intensive scenarios such as Al
and high-performance computing.

During the pretraining phase, the system employs a hybrid parallelism strategy built upon the Megatron-
LM framework, integrating Tensor Parallelism (TP), Pipeline Parallelism (PP), Context Parallelism (CP),
Expert Parallelism (EP), and ZeRO-1 Data Parallelism (DP). This configuration achieves a fine-grained
balance among model scale, computational load, and communication overhead, enabling high hardware
utilization and sustaining both high throughput and low communication latency—even at scales of up to
10,000 GPUs.

For local deployment and performance evaluation, we adopt deployment strategies based on either vLLM
or SGLang. vLLM utilizes Paged Attention to enable memory-efficient management and high-throughput
inference, while SGLang excels at structured generation and handling complex prompts. Together, these
backends provide efficient inference and evaluation with stable, efficient, and flexible model inference
capabilities.

5 Evaluation

5.1 General Visual Question Answering

To comprehensively assess the general visual question answering (VQA) capabilities of the Qwen3-VL
series, we conduct extensive evaluations on a diverse set of benchmarks, including MMBench-V1.1 (Liu
et al., 2023b), RealWorldQA (xAl, 2024), MMStar (Chen et al., 2024a), and SimpleVQA (Cheng et al.,
2025). As detailed in Table 2, Table 3 and Table 4, the Qwen3-VL family demonstrates robust and highly
competitive performance across a wide spectrum of model sizes, from 2B to 235B parameters.

In the comparison of thinking mode, Qwen3-VL-235B-A22B-Thinking achieves the highest score of 78.7
on MMStar. Gemini-2.5-Pro’s (Comanici et al., 2025) Thinking mode delivers the best overall performance,
but Qwen3-VL-235B-A22B-Thinking is not far behind. In the non-reasoning mode comparison, Qwen3-
VL-235B-A22B-Instruct obtains the highest scores on MMBench and RealWorldQA, with 89.3/88.9 and
79.2, respectively.

In the experiments with medium-sized models, Qwen3-VL-32B-Thinking achieves the highest scores on
MMBench and RealWorldQA, with 89.5/89.5 and 79.4, respectively. Notably, Qwen3-VL-32B-Instruct
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4.6 LAtk

PATVEE I B = PAL- RIRE FARSS IZE Qwen3-VL RABA ZRk55N Al MimttRE it E ST RE R
RIEHATRRR S TERER T,

EWNGI B, REGRAEETMegatron-L MIEZRAIR S HATHRMG, & TkEHAT (TP) . H/KEFHHAT
(PP) . EFRX3HAT (CP) . EHRIHMT (EP) MzeRO-1EEIAT (DP) . IXFhAC BAERARIE, 115
TERIEE T 2 RS T AR R T, MIMSEEL T SRR =R, HAR T RS a 2RSSR
—— B 1 53510,000 N GPUIEAR R, HAEMRE v},

N T ARHEREAIMERE AL, AR 7T vLLM 8L SGLang HIEFE KM%, vLLM F|H PagedAttention 5
IATE mRUE BRI S R AR, T SGLang 1 KA ERRAE R A4ER, B, XEEmEME T
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even outperforms the Thinking variant on RealWorldQA, scoring 79.0.

The scalability of the Qwen3-VL series is evident in the strong performance of our smaller models.
Specifically, the largest model, Qwen3-VL-8B, achieves the highest performance across all five benchmarks.
For example, on MMBench-EN, the score in "thinking" mode increases from 79.9 for the 2B model to 85.3
for the 8B model. A similar upward trend is observed on other benchmarks, such as MMStar, where the
score rises from 68.1 (2B, thinking) to 75.3 (8B, thinking).

5.2 Multimodal Reasoning

We evaluate the Qwen3-VL series on a wide range of multimodal reasoning benchmarks, primarily
focusing on STEM-related tasks and visual puzzles, including MMMU (Yue et al., 2024a), MMMU-
Pro (Yue et al., 2024b), MathVision (Wang et al., 2024b), MathVision-Wildpoto (hereafter MathVisionwp) ,
MathVista (Lu et al., 2023), We-Math (Qiao et al., 2024), MathVerse (Zhang et al., 2024), DynaMath (Zou
et al., 2024), Math-VR (Duan et al., 2025), LogicVista (Xiao et al., 2024), VisualPuzzles (Song et al., 2025b),
VLM are Blind (Rahmanzadehgervi et al., 2025), ZeroBench (Main/Subtasks) (Roberts et al., 2025), and
VisuLogic (Xu et al., 2025). As shown in Table 2, the flagship Qwen3-VL model demonstrates outstanding
performance across both “non-thinking” and “thinking” models. Notably, Qwen3-VL-235B-A22B-Instruct
achieves the best reported results among non-thinking or low-thinking-budget models on multiple bench-
marks, including MathVistaninj, MathVision, MathVersep,ini, DynaMath, ZeroBench, VLMsAreBlind,
VisuLogic, and VisualPuzzlespirect. While, Qwen3-VL-235B-A22B-Thinking achieves state-of-the-art
results on MathVistanini, MathVision, MathVerseini, ZeroBench, LogicVista, and VisuLogic.

Among medium-sized models, as shown in Table 3, Qwen3-VL-32B demonstrates significant advantages,
consistently outperforming Gemini-2.5-Flash and GPT-5-mini. Compared to the previous-generation
Qwen2.5-VL-72B model, the medium-sized Qwen3-VL model has already surpassed it on reasoning tasks.
This highlights significant progress in VLMs. Additionally, our newly introduced Qwen3-VL-30B-A3B
MoE model also delivers competitive results.

Among small-sized models, we compare Qwen3-VL-2B/4B/8B against GPT-5-Nano, with results pre-
sented in Table 4. The 8B variant maintains a clear advantage overall, while the 4B model achieves
the highest scores on DynaMath and VisuLogic. Notably, even the smallest 2B model exhibits strong
reasoning capabilities.

5.3 Alignment and Subjective Tasks

The ability to follow complex user instructions and reduce potential image-level hallucinations is in-
dispensable for current large vision language models (VLMs). We assess our models on three repre-
sentative benchmarks: MM-MT-Bench (Agrawal et al., 2024), HallusionBench (Guan et al., 2023) and
MIA-Bench (Qian et al., 2024). MM-MT-Bench is a multi-turn LLM-as-a-judge evaluation benchmark
for testing multimodal instruction-tuned models. HallusionBench aims at diagnosing image-context
reasoning and poses great challenges for current VLMs. MIA-Bench is a more comprehensive benchmark
to evaluate models’ reactions to users’ complex instructions (e.g., creative writing with character limit
and compositional instructions).

As shown in Table 2, our flagship Qwen3-VL-235B-A22B model consistently outperforms other closed-
source models. On HallusionBench, our thinking version surpasses Gemini-2.5-pro (Comanici et al., 2025),
GPT-5 (OpenAl, 2025) and Claude opus 4.1 (Anthropic., 2025) by 3.0, 1.0, and 6.3 points, respectively. On
MIA-Bench, Qwen3-VL-235B-A22B-Thinking achieves the overall best score across all the other models,
showing our superior multimodal instruction following ability. We also investigate detailed subtask
results of MIA-Bench: our model overtakes GPT-5-high-thinking version by 10.0 and 5.0 points in math
and textual subtasks of MIA-Bench, respectively. The same trend can be observed on our smaller-sized
models like Qwen3-VL-30B-A3B, and Qwen3-VL-32B, where they overtake other models with comparable
sizes. Our 2B/4B/8B series also performs well and shows a negligible drop, especially on MIA-Bench.

5.4 Text Recognition and Document Understanding

We compare the Qwen3-VL series with other models of comparable size on document-related benchmarks,
including OCR, document parsing, document question answering (QA), and document reasoning.

We evaluate our flagship model, Qwen3-VL-235B-A22B, against state-of-the-art VLMSs on the benchmarks
listed in Table 2. On OCR-focused parsing benchmarks — including CC-OCR (Yang et al., 2024b) and
OmniDocBench (Ouyang et al., 2024) — as well as comprehensive OCR benchmarks such as OCR-
Bench (Liu et al., 2024) and OCRBench_v2 (Fu et al., 2024b), the Qwen3-VL-235B-A22B-Instruct model
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Table 2: Performance of Qwen3-VL-235B-A22B and top-tier models on visual benchmarks. The highest
scores of the reasoning and non-reasoning models are shown in bold and underlined, respectively.
Results marked with an * are sourced from the technical report. + denotes results with tool use.

Qwen3-VL Gemini OpenAl Claude
Benchmark 235B-A22B 2.5 Pro GPT-5 Opus 4.1
thinking instruct thinking  budget-128 high minimal thinking non-thinking
MMMU 80.6 78.7 81.7* 80.9 84.2* 74.4* 78.4 77.2
MMMU-Pro 69.3 68.1 68.8* 712 78.4* 62.7* 64.8 60.7
MathVistamjni 85.8 849 82.7* 77.7 81.3 50.9 75.5 74.5
MathVision 74.6 66.5 73.3* 66.0 70.9 45.8 64.3 57.7
MathVisionyp 63.8 57.0 63.2 56.9 62.8 40.1 54.0 46.4
STEM We-Math 74.8 67.5 80.6 745 73.8 51.8 65.2 60.2
Puzzle MathVerseini 85.0 72.5 82.9 65.9 84.1 43.0 70.6 68.1
DynaMath 82.8 794 80.0 78.5 85.4 74.0 75.1 72.0
Math-VR 66.8 65.0 64.7% 54.3 58.1 21.7 54.3 38.0
ZeroBench 4 2 3 1 2 2 3 1
VimsAreBlind 79.5 80.4 86.1 78.5 80.5 534 77.8 72.2
LogicVista 72.2 65.8 72.0 68.7 71.8 46.3 67.3 63.5
VisuLogic 344 29.9 31.6 26.9 28.5 27.2 27.9 27.2
VisualPuzzles 57.2 54.7 60.9 56.9 57.3 479 48.8 47.6
MMBench-EN 88.8 89.3 90.1* 88.4 83.8 81.3 794 83.0
MMBench-CN 88.6 88.9 89.7* 86.4 83.5 79.9 84.9 74.3
General VQA RealWorldQA 81.3 79.2 78.0* 76.0 82.8 77.3 69.9 68.5
MMStar 78.7 78.4 77.5* 78.5 76.4 65.2 72.1 71.0
SimpleVQA 61.3 63.0 65.4 66.9 61.8 56.7 56.7 55.7
HallusionBench 66.7 63.2 63.7* 60.9 65.7 53.7 60.4 55.1
Alignment MM-MT-Bench 8.5 8.5 8.4* 7.6 7.6 7.5 7.8 7.9
MIA-Bench 92.7 91.3 92.3 91.3 924 92.6 91.2 90.0
DocVQA st 96.5 97.1 92.6 94.0 91.5 89.6 92.5 89.2
InfoVQA st 89.5 89.2 84.2 82.9 79.0 69.9 69.4 60.9
A2Dy, M. 89.2 89.7 90.9 90.0 89.7 84.1 86.4 84.4
ChartQA st 90.3 90.3 83.3 62.6 59.7 59.1 86.2 83.9
OCRBench 875 920 866 872 810 787 764 750
Doy | i | 2 @l | w5 2| me ez | s o2
. ench_v2,, . 61.8 . . . . . .
Understanding CC-OCR 815 82.2 77.2 76.8 68.3 66.1 69.1 66.0
OmniDocBenchen 0.155 0.143 0.347 0.206 0.356 0.174 0.194 -
OmniDocBench,;, 0.207 0.207 0.238 0.249 0.472 0.389 0.293 -
CharXiv(DQ) 90.5 89.4 94.4 87.8 89.2 79.5 88.5 87.8
CharXiv(RQ) 66.1 62.1 67.9 62.9 81.1* 57.8 63.6 60.2
MMLongBenchp, 56.2 57.0 55.6 51.2 51.5 424 54.5 48.1
RefCOCO-avg 92.1 91.9 74.6* - 66.8 - - -
CountBench 93.7 93.0 91.0* 91.0 91.7 87.8 93.1 91.9
2D/3D ODinW-13 43.2 48.6 33.7* 345 - - - -
Grounding ARKitScenes 53.7 56.9 - - - - - -
Hypersim 11.0 13.0 - - - - - -
SUNRGBD 34.9 394 29.7 - - - - -
ERQA 52.5 51.3 55.3 50.3 65.7* 42.0* 34.8 28.0
VSI-Bench 60.0 62.7 - - - - - -
Embodied/Spatial | EmbSpatialBench 84.3 83.1 79.1 73.3 82.9 75.1 69.2 66.0
Understanding RefSpatialBench 69.9 65.5 36.5 35.6 23.8 23.1 - -
RoboSpatialHome 73.9 69.4 475 49.2 53.5 43.6 - -
Multi-Image BLINK 67.1 70.7 70.6* 70.0 71.0 62.8 64.1 62.9
MUIRBENCH 80.1 73.0 77.2 74.0 77.5 66.5 - -
MVBench 75.2 76.5 69.9 65.8 75.3 64.6 614 59.0
Video-MMEy, /6 sub. 79.0 79.2 85.1 80.6 84.7 77.3 75.6 73.3
Video MLVUp.Avg 83.8 84.3 85.6 81.2 86.2 78.3 73.5 71.2
Understanding LVBench 63.6 67.7 73.0 69.0 - - - -
Charades-STA 10U 63.5 64.8 - - - - - -
VideoMMMU 80.0 74.7 83.6* 794 84.6* 61.6 76.2 70.1
MMVU 71.1 68.1 74.9 72.2 73.0 68.1 66.4 61.4
Perception \% 85.9 93.71 83.8 72.7 72.8 56.7 - -
with Tool HRBench4K 84.3 854 87.3 84.8 - - - -
HRBench8K 76.6 82.4+ 85.4 80.1 - - - -
Multi-Modal DesignZCm_ie 93.4 920 89.2 90.3 92.5 88.9 88.5 85.3
Coding ChartMimic 78.4 80.5 83.9 79.9 62.1 414 85.2 82.9
UniSVG 65.8 69.8 70.0 67.9 71.7 74.5 73.0 72.5
ScreenSpot Pro 61.8 62.0 - - - - - -
. OSWorldG 68.3 66.7 452 - - - - -
Multi-Modal AndroidWorld 620 637 ; ] ] ] - -
& OSWorld 38.1 316 - - - - - 444
WindowsAA 32.1 289 - - - - - -
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Qwen3-VL Gemini OpenAl Claude
Benchmark 235B-A22B 2.5 Pro GPT-5 Opus 4.1
thinking instruct thinking  budget-128 high minimal thinking non-thinking
MMMU 80.6 78.7 81.7* 80.9 84.2* 74.4* 78.4 77.2
MMMU-Pro 69.3 68.1 68.8* 712 78.4* 62.7* 64.8 60.7
MathVistamjni 85.8 849 82.7* 77.7 81.3 50.9 75.5 74.5
MathVision 74.6 66.5 73.3* 66.0 70.9 45.8 64.3 57.7
MathVisionyp 63.8 57.0 63.2 56.9 62.8 40.1 54.0 46.4
STEM We-Math 74.8 67.5 80.6 745 73.8 51.8 65.2 60.2
Puzzle MathVerseini 85.0 72.5 82.9 65.9 84.1 43.0 70.6 68.1
DynaMath 82.8 794 80.0 78.5 85.4 74.0 75.1 72.0
Math-VR 66.8 65.0 64.7% 54.3 58.1 21.7 54.3 38.0
ZeroBench 4 2 3 1 2 2 3 1
VimsAreBlind 79.5 80.4 86.1 78.5 80.5 534 77.8 72.2
LogicVista 72.2 65.8 72.0 68.7 71.8 46.3 67.3 63.5
VisuLogic 344 29.9 31.6 26.9 28.5 27.2 27.9 27.2
VisualPuzzles 57.2 54.7 60.9 56.9 57.3 479 48.8 47.6
MMBench-EN 88.8 89.3 90.1* 88.4 83.8 81.3 794 83.0
MMBench-CN 88.6 88.9 89.7* 86.4 83.5 79.9 84.9 74.3
General VQA RealWorldQA 81.3 79.2 78.0* 76.0 82.8 77.3 69.9 68.5
MMStar 78.7 78.4 77.5* 78.5 76.4 65.2 72.1 71.0
SimpleVQA 61.3 63.0 65.4 66.9 61.8 56.7 56.7 55.7
HallusionBench 66.7 63.2 63.7* 60.9 65.7 53.7 60.4 55.1
Alignment MM-MT-Bench 8.5 8.5 8.4* 7.6 7.6 7.5 7.8 7.9
MIA-Bench 92.7 91.3 92.3 91.3 924 2.6 91.2 90.0
DocVQA est 96.5 97.1 92.6 94.0 91.5 89.6 92.5 89.2
InfoVQA st 89.5 89.2 84.2 82.9 79.0 69.9 69.4 60.9
A2Dy, M. 89.2 89.7 90.9 90.0 89.7 84.1 86.4 84.4
ChartQA st 90.3 90.3 83.3 62.6 59.7 59.1 86.2 83.9
OCRBench 875 920 866 872 810 787 764 750
Doy | Qi | g2 @l | w5 2| mo ez | s o2
. ench_v2,, . 61.8 . . . . . .
Understanding CC-OCR 815 82.2 77.2 76.8 68.3 66.1 69.1 66.0
OmniDocBenchen 0.155 0.143 0.347 0.206 0.356 0.174 0.194 -
OmniDocBench,;, 0.207 0.207 0.238 0.249 0.472 0.389 0.293 -
CharXiv(DQ) 90.5 89.4 94.4 87.8 89.2 79.5 88.5 87.8
CharXiv(RQ) 66.1 62.1 67.9 62.9 81.1* 57.8 63.6 60.2
MMLongBenchp, 56.2 57.0 55.6 51.2 51.5 424 54.5 48.1
RefCOCO-avg 92.1 91.9 74.6* - 66.8 - - -
CountBench 93.7 93.0 91.0* 91.0 91.7 87.8 93.1 91.9
2D/3D ODinW-13 43.2 48.6 33.7* 345 - - - -
Grounding ARKitScenes 53.7 56.9 - - - - - -
Hypersim 11.0 13.0 - - - - - -
SUNRGBD 34.9 394 29.7 - - - - -
ERQA 52.5 51.3 55.3 50.3 65.7* 42.0* 34.8 28.0
VSI-Bench 60.0 62.7 - - - - - -
Embodied/Spatial | EmbSpatialBench 84.3 83.1 79.1 73.3 82.9 75.1 69.2 66.0
Understanding RefSpatialBench 69.9 65.5 36.5 35.6 23.8 23.1 - -
RoboSpatialHome 73.9 69.4 475 49.2 53.5 43.6 - -
Multi-Image BLINK 67.1 70.7 70.6* 70.0 71.0 62.8 64.1 62.9
MUIRBENCH 80.1 73.0 77.2 74.0 77.5 66.5 - -
MVBench 75.2 76.5 69.9 65.8 75.3 64.6 61.4 59.0
Video-MMEy, /6 sub. 79.0 79.2 85.1 80.6 84.7 77.3 75.6 73.3
Video MLVUp Avg 83.8 84.3 85.6 81.2 86.2 78.3 73.5 71.2
Understanding LVBench 63.6 67.7 73.0 69.0 - - - -
Charades-STA 10U 63.5 64.8 - - - - - -
VideoMMMU 80.0 74.7 83.6* 794 84.6* 61.6 76.2 70.1
MMVU 71.1 68.1 74.9 72.2 73.0 68.1 66.4 61.4
Perception \%A 85.9 93.71 83.8 72.7 72.8 56.7 - -
with Tool HRBench4K 84.3 854 87.3 84.8 - - - -
HRBench8K 76.6 82.4+ 85.4 80.1 - - - -
Multi-Modal DesignZCm_ie 93.4 920 89.2 90.3 92.5 88.9 88.5 85.3
Coding ChartMimic 78.4 80.5 83.9 79.9 62.1 414 85.2 829
UniSVG 65.8 69.8 70.0 67.9 71.7 74.5 73.0 72.5
ScreenSpot Pro 61.8 62.0 - - - - - -
. OSWorldG 68.3 66.7 452 - - - - -
Multi-Modal AndroidWorld 620 637 ; ] ] - ] -
& OSWorld 38.1 316 - - - - - 444
WindowsAA 32.1 289 - - - - - -
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Table 3: Performance of medium-sized Qwen3-VL models and previous models on visual benchmarks.
The highest scores are shown in bold. Results marked with an * are sourced from the technical report. +
denotes results with tool use.

Qwen3-VL Qwen3-VL Gemini GPT-5
Benchmark 30B-A3B 32B 2.5 Flash mini
thinking instruct thinking instruct thinking non-thinking  high minimal
MMMU 76.0 74.2 78.1 76.0 77.7 76.3 79.0 67.9
MMMU-Pro 63.0 60.4 68.1 65.3 67.2 65.9 67.3 53.7
MathVistamini 81.9 80.1 85.9 83.8 79.4 75.3 79.1 59.6
MathVision 65.7 60.2 70.2 63.4 64.3 60.7 71.9 46.6
MathVisionyp 58.9 52.3 58.6 54.6 53.6 49.0 56.6 42.8
STEM We-Math 70.0 56.9 71.6 63.3 53.9 60.3 70.2 51.4
Puzzle MathVersepini 79.6 70.2 82.6 76.8 77.7 75.9 78.8 36.5
DynaMath 80.1 73.4 82.0 76.7 75.9 69.7 814 713
Math-VR 61.7 61.3 62.3 59.8 58.8 54.7 58.2 26.4
ZeroBench 0 0 2 1 1 3 3 2
VimsAreBlind 72.5 67.5 85.1 87.0 77.5 759 75.8 62.0
LogicVista 65.8 53.5 70.9 62.2 67.3 60.0 714 50.8
VisuLogic 26.6 23.0 324 29.7 31.0 23.3 27.2 27.6
VisualPuzzles 52.0 46.2 54.7 53.2 414 45.0 59.3 48.2
MMBench-EN 87.0 86.1 89.5 87.6 87.1 86.6 86.6 78.5
MMBench-CN 85.9 85.3 89.4 87.7 87.3 86.0 84.0 76.3
General VQA RealWorldQA 77 4 73.7 78.4 79.0 76.0 75.7 79.0 733
MMStar 75.5 72.1 79.4 77.7 76.5 75.8 74.1 61.3
SimpleVQA 54.3 52.7 55.4 56.9 63.2 59.2 56.8 50.3
HallusionBench 66.0 61.5 67.4 63.8 63.5 59.1 63.2 55.9
Alignment MM-MT-Bench 7.9 8.0 8.3 8.4 8.1 8.0 7.7 7.4
MIA-Bench 91.6 91.2 92.3 91.8 91.1 90.6 92.0 92.3
DocVQA fest 95.5 95.0 96.1 96.9 92.8 93.0 90.5 90.6
InfoVQA st 85.6 81.8 89.2 87.0 82.5 81.7 77.6 72.8
AI2Dy, M. 86.9 85.0 88.9 89.5 88.7 87.7 88.2 82.9
ChartQA st 89.4 86.8 89.0 88.5 60.6 69.0 57.5 57.8
OCRBench 839 903 855 895 853 864 821 807
Document | OFppencnyt | G4 &8 | enl 02 | 438 430 | 451 410
. ench_v2,, . . . . . . . .
Understanding CC-OCR 778 807 | 796 803 | 754 748 | 708 616
OmniDocBench,, 0.165 0.183 0.148  0.151 0.265 0.228 0.181 0.260
OmniDocBench,;, 0.233 0.253 0236  0.239 0.245 0.305 0.316 0.425
CharXiv(DQ) 86.9 85.5 90.2 90.5 90.1 85.5 89.4 78.6
CharXiv(RQ) 56.6 48.9 65.2 62.8 61.7 60.1 68.6 48.9
MMLongBenchpg. 47.4 47.1 54.6 55.4 49.0 44.6 50.3 39.6
RefCOCO-avg 89.3 89.7 91.1 91.9 - - - -
CountBench 90.0 89.8 94.1 94.9 86.0 83.7 91.0 84.1
2D/3D ODinW-13 42.3 47.5 41.8 46.6 - - - -
Grounding ARKitScenes 55.6 56.1 46.1 55.6 - - - -
Hypersim 114 12,5 12,5 14.0 - - - -
SUNRGBD 34.6 38.1 33.9 37.0 - - - -
ERQA 45.3 43.0 52.3 48.8 - - 54.0 45.8
VSI-Bench 56.1 63.2 61.2 61.5 - - 31.5 30.5
Embodied/Spatial | EmbSpatialBench 80.6 76.4 82.7 81.5 - - 80.7 72.1
Understanding RefSpatialBench 54.2 53.1 67.2 61.4 - - 9.0 4.0
RoboSpatialHome 65.5 62.9 74.2 64.6 - - 54.3 44.6
Multi-Image BLINK 65.4 67.7 68.5 67.3 68.1 66.8 - 56.7
MUIRBENCH 77.6 62.9 80.3 72.8 72.7 67.5 - 57.5
MVBench 72.0 72.3 73.2 72.8 - - - -
Video-MME,, /¢ sub. 73.3 74.5 77.3 76.6 79.6 75.6 78.9 71.0
Video MLVUmM-Avg 78.9 81.3 82.3 82.1 82.1 77.8 83.3 71.7
Understanding LVBench 59.2 62.5 62.6 63.8 64.5 62.2 - -
Charades-STA 10U 62.7 63.5 62.8 61.2 - - - -
VideoMMMU 75.0 68.7 79.0 719 73.9 65.2 82.5% 56.7
MMVU 66.1 59.8 67.9 66.8 69.8 68.2 69.8 64.8
Perception v* 81.2 89.51 84.8 91.11 - - 78.6 63.9
with Tool HRBench4K 77.8 82.5 82.1 84.6 - - 78.6 66.3
HRBench8K 713 79.3% 74.8 81.6" - - 744 60.9
ScreenSpot Pro 57.3 60.5 57.1 57.9 - - - -
Multi-Modal OSWorldG 59.6 61.0 64.0 65.1 - - - -
Agent AndroidWorld 55.0 54.3 63.7 57.3 - - - -
OSWorld 30.6 30.3 41.0 32.6 - - - -
WindowsAA 24.2 249 429 30.9 - - - -
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Qwen3-VL Qwen3-VL Gemini GPT-5
Benchmark 30B-A3B 32B 2.5 Flash mini
thinking instruct thinking instruct thinking non-thinking  high minimal
MMMU 76.0 74.2 78.1 76.0 77.7 76.3 79.0 67.9
MMMU-Pro 63.0 60.4 68.1 65.3 67.2 65.9 67.3 53.7
MathVistamin 81.9 80.1 85.9 83.8 79.4 75.3 79.1 59.6
MathVision 65.7 60.2 70.2 63.4 64.3 60.7 71.9 46.6
MathVisionwp 58.9 52.3 58.6 54.6 53.6 49.0 56.6 42.8
STEM We-Math 70.0 56.9 71.6 63.3 53.9 60.3 70.2 51.4
Puzzle MathVersepin 79.6 70.2 82.6 76.8 77.7 75.9 78.8 36.5
DynaMath 80.1 73.4 82.0 76.7 75.9 69.7 81.4 71.3
Math-VR 61.7 61.3 62.3 59.8 58.8 54.7 58.2 26.4
ZeroBench 0 0 2 1 1 3 3 2
VimsAreBlind 72.5 67.5 85.1 87.0 77.5 759 75.8 62.0
LogicVista 65.8 53.5 70.9 62.2 67.3 60.0 714 50.8
VisuLogic 26.6 23.0 324 29.7 31.0 23.3 27.2 27.6
VisualPuzzles 52.0 46.2 54.7 53.2 41.4 45.0 59.3 48.2
MMBench-EN 87.0 86.1 89.5 87.6 87.1 86.6 86.6 78.5
MMBench-CN 85.9 85.3 89.4 87.7 87.3 86.0 84.0 76.3
General VQA RealWorldQA 77 4 73.7 78.4 79.0 76.0 75.7 79.0 733
MMStar 75.5 72.1 79.4 77.7 76.5 75.8 74.1 61.3
SimpleVQA 54.3 52.7 55.4 56.9 63.2 59.2 56.8 50.3
HallusionBench 66.0 61.5 67.4 63.8 63.5 59.1 63.2 55.9
Alignment MM-MT-Bench 7.9 8.0 8.3 8.4 8.1 8.0 7.7 7.4
MIA-Bench 91.6 91.2 92.3 91.8 91.1 90.6 92.0 92.3
DocVQA fest 95.5 95.0 96.1 96.9 92.8 93.0 90.5 90.6
InfoVQA st 85.6 81.8 89.2 87.0 82.5 81.7 77.6 72.8
AI2Dy, m. 86.9 85.0 88.9 89.5 88.7 87.7 88.2 82.9
ChartQA st 89.4 86.8 89.0 88.5 60.6 69.0 57.5 57.8
OCRBench 839 903 855 895 853 864 821 807
Document | Gepptii | Go4 578 | 621 Se2 | 438 439 | 451 4lo
. ench_v2,, . . . . . . . .
Understanding CC-OCR 778 807 | 796 803 | 754 748 | 708 616
OmniDocBenchep, 0.165 0.183 0.148  0.151 0.265 0.228 0.181 0.260
OmniDocBench,;, 0.233 0.253 0236  0.239 0.245 0.305 0.316 0.425
CharXiv(DQ) 86.9 85.5 90.2 90.5 90.1 85.5 89.4 78.6
CharXiv(RQ) 56.6 48.9 65.2 62.8 61.7 60.1 68.6 48.9
MMLongBenchpg. 47.4 47.1 54.6 55.4 49.0 44.6 50.3 39.6
RefCOCO-avg 89.3 89.7 91.1 91.9 - - - -
CountBench 90.0 89.8 94.1 94.9 86.0 83.7 91.0 84.1
2D /3D ODinW-13 423 47.5 41.8 46.6 - - - -
Grounding ARKitScenes 55.6 56.1 46.1 55.6 - - - -
Hypersim 114 12,5 12,5 14.0 - - - -
SUNRGBD 34.6 38.1 33.9 37.0 - - - -
ERQA 45.3 43.0 52.3 48.8 - - 54.0 45.8
VSI-Bench 56.1 63.2 61.2 61.5 - - 31.5 30.5
Embodied/Spatial | EmbSpatialBench 80.6 76.4 82.7 81.5 - - 80.7 72.1
Understanding RefSpatialBench 54.2 53.1 67.2 61.4 - - 9.0 4.0
RoboSpatialHome 65.5 62.9 74.2 64.6 - - 54.3 44.6
Multi-Image BLINK 65.4 67.7 68.5 67.3 68.1 66.8 - 56.7
MUIRBENCH 77.6 62.9 80.3 72.8 72.7 67.5 - 57.5
MVBench 72.0 72.3 73.2 72.8 - - - -
Video-MME,, /¢ sub. 73.3 74.5 77.3 76.6 79.6 75.6 78.9 71.0
Video MLVUmM-Avg 78.9 81.3 82.3 82.1 82.1 77.8 83.3 71.7
Understanding LVBench 59.2 62.5 62.6 63.8 64.5 62.2 - -
Charades-STA 10U 62.7 63.5 62.8 61.2 - - - -
VideoMMMU 75.0 68.7 79.0 719 73.9 65.2 82.5% 56.7
MMVU 66.1 59.8 67.9 66.8 69.8 68.2 69.8 64.8
Perception V* 81.2 89.51 84.8 91.11 - - 78.6 63.9
with Tool HRBench4K 77.8 82.5 82.1 84.6 - - 78.6 66.3
HRBench8K 71.3 79.3% 74.8 81.6" - - 74.4 60.9
ScreenSpot Pro 57.3 60.5 57.1 57.9 - - - -
Multi-Modal OSWorldG 59.6 61.0 64.0 65.1 - - - -
Agent AndroidWorld 55.0 54.3 63.7 57.3 - - - -
OSWorld 30.6 30.3 41.0 32.6 - - - -
WindowsAA 24.2 249 429 30.9 - - - -
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Figure 2: Multilingual OCR performance of our model on a self-built test set. The model achieves
over 70% accuracy on 32 out of 39 supported languages, demonstrating strong and usable multilingual
capabilities.

establishes a new state of the art, marginally outperforming its “thinking” counterpart, Qwen3-VL-
235B-A22B-Thinking. On OCR-related visual question answering (VQA) benchmarks that require both
OCR capability and keyword search — such as DocVQA (Mathew et al., 2021b), InfoVQA (Mathew
etal., 2021a), AI2D (Kembhavi et al., 2016), ChartQA (Masry et al., 2022), and the CharXiv (Wang et al.,
2024g) description subset — both the Instruct and Thinking variants achieve comparable performance,
demonstrating consistently strong results across these tasks. Notably, on the reasoning subset of CharXiv
— which demands deep chart comprehension and multi-step reasoning — the Thinking variant surpasses
the Instruct version and ranks second only to GPT5-thinking and Gemini-2.5-Pro-Thinking.

Furthermore, among the smaller-sized variants in the Qwen3-VL series, both Qwen3-VL-30BA3B models
and Qwen3-VL-32B models consistently outperform Gemini-2.5-Flash and GPT-5-mini across most
evaluation metrics, as shown in Table 3. Even the compact dense models — Qwen3-VL-8B, Qwen3-VL-4B,
and Qwen3-VL-2B — demonstrate remarkably competitive performance on OCR parsing, visual question
answering (VQA), and comprehensive benchmark suites, as detailed in Table 4. This highlights the
exceptional efficiency and strong scalability of the Qwen3-VL architecture across model sizes.

In this version of the Qwen3-VL, we have placed particular emphasis on enhancing its ability to un-
derstand long documents. As reported in Table 2, in the comparison within the flagship models on the
MMLongBench-Doc benchmark (Ma et al., 2024), our Qwen3-VL-235B-A22B achieves overall accuracy
of 57.0%/56.2% under the instruct/thinking settings, showcasing the SOTA performance on the long
document understanding task.

Beyond its strong performance on established benchmarks, we have also made substantial strides in
multilingual support. This represents a major expansion from the 10 non-English/Chinese languages
supported by Qwen2.5-VL to 39 languages in Qwen3-VL. We assess this expanded capability on a newly
constructed, in-house dataset. As illustrated in Figure 2, the model’s accuracy surpasses 70%—a threshold
we consider practical for real-world usability—on 32 out of the 39 languages tested. This demonstrates
that the strong OCR capabilities of Qwen3-VL are not confined to a handful of languages but extend
across a broad and diverse linguistic spectrum.

5.5 2D and 3D Grounding

In this section, we conduct a comprehensive evaluation of the Qwen3-VL series on both 2D and 3D
grounding-related benchmarks and compare the models with state-of-the-art models that possess similar
capabilities.

We evaluate Qwen3-VL’s 2D grounding capabilities on the referring expression comprehension bench-
marks RefCOCO/+/g (Kazemzadeh et al., 2014; Mao et al., 2016), the open-vocabulary object detection
benchmark ODinW-13 (Li et al., 2022), and the counting benchmark CountBench (Paiss et al., 2023). For
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FIATE R OCR MBI (VQA) EEEMIIAH, 40 DocVQA (Mathew et a., 2021b), InfoVQA (Math
ew et a., 2021a)., Al2D (Kembhavi et a., 2016). ChartQA (Masry et al., 2022) 1 CharXiv (Wang et al., 2024g)
R T, Instruct F1 Thinking ZAERES T Y IMERE, REATEIX AT S5 a2 an — IS T 0 RAI K
Gt [HIFEREMZ, fE CharXiv R 78 F——Z FHRFEIR AN BRI 2 2 B ——Thinking
ZEREEBE T Instruct A, XRT GPT5-thinking £ Gemini-2.5-Pro-Thinking.

A, fEQwen3-VLEFH, TitEQwen3-VL-30BA3BIAILEQwen3-VL-32BA1 HRIALKLE K2 E0F
fh+EhR LA T Gemini-2.5-FlashflIGPT-5-mini, 15R3FR, B2 RENHZEAEE ——Qwen3-VL-8B. Qw
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B REI T 57.0%/56.2% HYEVARERMZR, Jen T HAEK SRR S5 B SOTA MRE,
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Table 4: Performance of small-sized Qwen3-VL models and GPT-5-nano on visual benchmarks.

Qwen3-VL Qwen3-VL Qwen3-VL OpenAl
Benchmark 2B 4B 8B GPT-5 nano
thinking instruct thinking instruct thinking instruct high minimal
MMMU 61.4 53.4 70.8 67.4 74.1 69.6 75.8 57.6
MMMU-Pro 425 36.5 57.0 53.2 60.4 55.9 57.2 36.5
MathVistamini 73.6 61.3 79.5 73.7 81.4 77.2 71.5 40.9
MathVision 459 31.6 60.0 51.6 62.7 53.9 62.2 33.2
MathVisionyp 35.5 30.9 48.7 444 53.3 454 49.3 28.3
STEM MathVersepyini 66.9 52.1 75.2 46.8 77.7 62.1 74.2 27.0
Puzzle DynaMath 66.7 54.2 744 65.3 73.2 67.7 78.0 62.0
Math-VR 37.7 20.7 58.1 52.3 59.0 53.4 49.7 25.0
ZeroBench 0 0 0 0 2 1 1 1
VimsAreBlind 50.0 56.0 68.6 71.9 69.1 74.0 66.7 40.2
LogicVista 50.0 35.8 61.1 53.2 65.1 55.3 59.7 40.5
VisuLogic 254 11.5 30.2 19.0 27.5 225 24.5 24.0
VisualPuzzles 37.4 34.3 48.9 43.7 51.7 47.9 43.5 31.3
MMBench-EN 79.9 784 84.6 83.9 85.3 84.5 78.4 50.8
MMBench-CN 78.8 75.9 83.8 83.5 85.5 84.7 77.6 48.5
General VQA RealWorldQA 69.5 63.9 73.2 70.9 73.5 71.5 71.8 60.7
MMStar 68.1 58.3 73.2 69.8 75.3 70.9 68.6 41.3
SimpleVQA 43.6 40.7 48.8 48.0 49.6 50.2 46.0 39.0
HallusionBench 54.9 51.4 64.1 57.6 65.4 61.1 58.4 39.3
Alignment MM-MT-Bench 6.9 5.9 7.7 7.5 8.0 7.7 6.6 6.2
MIA-Bench 85.6 83.6 91.0 89.7 91.5 91.1 89.9 89.6
DocVQA st 92.9 93.3 94.2 95.3 95.3 96.1 88.2 78.3
InfoVQA fest 77.1 724 | 8.0 803 860  83.1 68.6 492
AI2Dy, 1 804 769 | 849 841 849 87 | 819 657
ChartQA est 86.6 79.1 88.8 84.6 88.6 89.6 52.1 48.6
OCRBench 792 858 808 881 819 896 753 701
Document OCRBench_v2., 56.4 56.3 61.8 63.7 63.9 65.4 48.1 37.9
Understanding OCRBench_v2,; 51.9 53.0 55.8 57.6 59.2 61.2 33.6 27.3
CC-OCR 68.3 72.8 73.8 76.2 76.3 79.9 58.9 529
OmniDocBenche, 0370 0292 | 0234 0244 | 0209 0.170 | 0401 0.454
OmniDocBench,, 0.447 0348 | 0297 0285 | 0253 0264 | 0.518  0.568
CharXiv(DQ) 70.1 62.3 83.9 76.2 85.9 83.0 82.0 64.4
CharXiv(RQ) 37.1 26.8 50.3 39.7 53.0 46.4 50.1 31.7
MMLongBenchpoe 33.8 31.6 444 43.5 48.0 47.9 31.8 22.1
RefCOCO-avg 84.8 85.6 88.2 89.0 88.2 89.1 - -
CountBench 84.1 88.4 89.4 84.9 91.5 80.5 80.0 62.9
2D/3D ODinW-13 36.0 43.4 39.4 48.2 39.8 44.7 - -
Grounding ARKitScenes 47.7 56.2 46.3 56.6 46.6 56.8 - -
Hypersim 11.2 12.0 119 12.2 12.0 12.7 - -
SUNRGBD 28.6 33.8 28.0 34.7 30.4 36.2 - -
ERQA 41.8 28.3 47.3 41.3 46.8 45.8 45.8 37.8
: : VSI-Bench 48.0 53.9 55.2 59.3 56.6 59.4 154 27.0
Ergbzdled/ Sdp.atlal EmbSpatialBench | 759 692 | 807 796 | 811 785 | 742  50.7
nderstanding RefSpatialBench 289 303 | 453 466 | 446 542 12.6 2.5
RoboSpatialHome 453 491 63.2 61.7 62.0 66.9 46.1 448
Multi-Image BLINK 57.2 53.8 63.4 65.8 64.7 69.1 58.3 422
MUIRBENCH 68.1 47.4 75.0 63.8 76.8 644 65.7 45.7
MVBench 64.5 61.7 69.3 68.9 69.0 68.7 - -
Video-MME,, /o sup. | 62.1 61.9 68.9 69.3 71.8 714 66.2 49.4
Video MLVUMm.Avg 69.2 68.3 75.7 75.3 75.1 78.1 69.2 52.6
Understanding LVBench 47.6 474 53.5 56.2 55.8 58.0 - -
Charades-STA 10U 56.9 54.5 59.0 55.5 59.9 56.0 - -
VideoMMMU 54.1 419 69.4 56.2 72.8 65.3 63.0 40.2
MMVU 489 41.7 58.6 50.5 62.0 58.7 63.1 51.0
Perception v 69.1 759" | 749 880" | 775 901" | - -
with Tool HRBench4K 69.4 72.6 73.5 81.3 72.4 82.3 - -
HRBench8K 62.6 68.9* 67.1 74.4% 68.1 78.0" - -
ScreenSpot Pro 32.2 48.5 49.2 59.5 46.6 54.6 - -
Multi-Modal OSWorldG 41.8 46.1 53.9 58.2 56.7 58.2 - -
Agent AndroidWorld 46.1 36.4 52.0 45.3 50.0 47.6 - -
OSWorld 19.0 17.0 314 26.2 33.9 339 - -
WindowsAA - - 35.5 23.4 24.1 28.8 - -
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& 4: /B Qwen3-VL BEUHT GPT-5-nano fEAR S

FLEINA_EAITERE,

Qwen3-VL Qwen3-VL Qwen3-VL OpenAl
Benchmark 2B 4B 8B GPT-5 nano
thinking instruct thinking instruct thinking instruct high minimal
MMMU 61.4 53.4 70.8 67.4 74.1 69.6 75.8 57.6
MMMU-Pro 425 36.5 57.0 53.2 60.4 55.9 57.2 36.5
MathVistamini 73.6 61.3 79.5 73.7 81.4 77.2 71.5 409
MathVision 459 31.6 60.0 51.6 62.7 53.9 62.2 33.2
MathVisionyp 35.5 30.9 48.7 444 53.3 454 49.3 28.3
STEM MathVersepini 66.9 52.1 75.2 46.8 77.7 62.1 74.2 27.0
Puzzle DynaMath 66.7 54.2 744 65.3 73.2 67.7 78.0 62.0
Math-VR 37.7 20.7 58.1 52.3 59.0 53.4 49.7 25.0
ZeroBench 0 0 0 0 2 1 1 1
VimsAreBlind 50.0 56.0 68.6 71.9 69.1 74.0 66.7 40.2
LogicVista 50.0 35.8 61.1 53.2 65.1 55.3 59.7 40.5
VisuLogic 254 11.5 30.2 19.0 27.5 22.5 24.5 24.0
VisualPuzzles 37.4 34.3 48.9 43.7 51.7 479 43.5 31.3
MMBench-EN 79.9 784 84.6 83.9 85.3 84.5 78.4 50.8
MMBench-CN 78.8 75.9 83.8 83.5 85.5 84.7 77.6 485
General VQA RealWorldQA 69.5 63.9 73.2 70.9 73.5 71.5 71.8 60.7
MMStar 68.1 58.3 73.2 69.8 75.3 70.9 68.6 41.3
SimpleVQA 43.6 40.7 48.8 48.0 49.6 50.2 46.0 39.0
HallusionBench 54.9 51.4 64.1 57.6 65.4 61.1 58.4 39.3
Alignment MM-MT-Bench 6.9 5.9 7.7 7.5 8.0 7.7 6.6 6.2
MIA-Bench 85.6 83.6 91.0 89.7 91.5 91.1 89.9 89.6
DocVQA ot 92.9 93.3 94.2 95.3 95.3 96.1 88.2 78.3
InfoVQA fest 77.1 724 | 8.0 803 860  83.1 68.6 492
AI2Dy, 1 804 769 | 849 841 849 8.7 | 819 657
ChartQA est 86.6 79.1 88.8 84.6 88.6 89.6 52.1 48.6
OCRBench 792 858 808 881 819 896 753 701
Document OCRBench_v2,, 56.4 56.3 61.8 63.7 63.9 65.4 48.1 379
Understanding OCRBench_v2,; 51.9 53.0 55.8 57.6 59.2 61.2 33.6 27.3
CC-OCR 68.3 72.8 73.8 76.2 76.3 79.9 58.9 529
OmniDocBenche, 0370 0292 | 0234 0244 | 0209 0170 | 0401 0.454
OmniDocBench,, 0.447 0348 | 0297 0285 | 0253 0.264 | 0.518  0.568
CharXiv(DQ) 70.1 62.3 83.9 76.2 85.9 83.0 82.0 64.4
CharXiv(RQ) 37.1 26.8 50.3 39.7 53.0 46.4 50.1 31.7
MMLongBenchpoe 33.8 31.6 444 43.5 48.0 47.9 31.8 22.1
RefCOCO-avg 84.8 85.6 88.2 89.0 88.2 89.1 - -
CountBench 84.1 88.4 89.4 84.9 91.5 80.5 80.0 62.9
2D/3D ODinW-13 36.0 43.4 39.4 48.2 39.8 44.7 - -
Grounding ARKitScenes 47.7 56.2 46.3 56.6 46.6 56.8 - -
Hypersim 11.2 12.0 119 12.2 12.0 12.7 - -
SUNRGBD 28.6 33.8 28.0 347 30.4 36.2 - -
ERQA 41.8 28.3 47.3 41.3 46.8 45.8 45.8 37.8
: : VSI-Bench 48.0 53.9 55.2 59.3 56.6 59.4 154 27.0
Ergb(;dled/ Sj’.atlal EmbSpatialBench | 759 692 | 807 796 | 811 785 | 742  50.7
nderstanding RefSpatialBench 289 303 | 453 466 | 446 542 12.6 2.5
RoboSpatialHome 453 491 63.2 61.7 62.0 66.9 46.1 448
Multi-Image BLINK 57.2 53.8 63.4 65.8 64.7 69.1 58.3 422
MUIRBENCH 68.1 474 75.0 63.8 76.8 644 65.7 45.7
MVBench 64.5 61.7 69.3 68.9 69.0 68.7 - -
Video-MME,, /o sup. | 62.1 61.9 68.9 69.3 71.8 714 66.2 49.4
Video MLVUM.Avg 69.2 68.3 75.7 75.3 75.1 78.1 69.2 52.6
Understanding LVBench 47.6 474 53.5 56.2 55.8 58.0 - -
Charades-STA 10U 56.9 54.5 59.0 55.5 59.9 56.0 - -
VideoMMMU 54.1 419 69.4 56.2 72.8 65.3 63.0 40.2
MMVU 489 41.7 58.6 50.5 62.0 58.7 63.1 51.0
Perception v 69.1 759" | 749 8807 | 775 001" | - -
with Tool HRBench4K 69.4 72.6 73.5 81.3 724 82.3 - -
HRBench8K 62.6 68.9% 67.1 74.4% 68.1 78.0" - -
ScreenSpot Pro 32.2 48.5 49.2 59.5 46.6 54.6 - -
Multi-Modal OSWorldG 41.8 46.1 53.9 58.2 56.7 58.2 - -
Agent AndroidWorld 46.1 36.4 52.0 45.3 50.0 47.6 - -
OSWorld 19.0 17.0 314 26.2 33.9 33.9 - -
WindowsAA - - 35.5 23.4 24.1 28.8 - -
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ODinW-13, we adopt mean Average Precision (mAP) as the evaluation metric by setting confidence
scores to 1.0. To ensure comparability with conventional open-set object detection specialist models,
we provide all dataset categories simultaneously within the prompt during evaluation. As shown in
Table 2, our flagship model, Qwen3-VL-235B-A22B, demonstrates outstanding performance and achieves
state-of-the-art (SOTA) results across 2D grounding and counting benchmarks. Notably, it achieves
48.6 mAP on ODinW-13, demonstrating strong performance in multi-target open-vocabulary object
grounding. Detailed results for our smaller-scale variants, which also exhibit competitive performance in
2D visual grounding, are presented in Tables 3 and 4, respectively.

Moreover, in this version of Qwen3-VL, we enhance its spatial perception capabilities for 3D object local-
ization. We evaluate the Qwen3-VL series against other models of comparable scale on Omni3D (Brazil
et al., 2023), a comprehensive benchmark comprising datasets such as ARKitScenes (Baruch et al., 2021),
Hypersim (Roberts et al., 2021), and SUN RGB-D (Song et al., 2015). We employ mean Average Precision
(mAP) as our evaluation metric. Each input is an image-text pair consisting of the image and a textual
prompt specifying the object category. To ensure a fair comparison with existing VLMs, we set the IoU
threshold to 0.15 and report mAP@0.15 on the Omni3D test set, with detection confidence fixed at 1.0.
As shown in Table 2, our flagship Qwen3-VL-235B-A22B model consistently outperforms other closed-
source models across multiple datasets. Specifically, on the SUN RGB-D dataset (Song et al., 2015), the
Qwen3-VL-235B-A22B-Thinking variants surpass the performance of Gemini-2.5-Pro by 5.2 points. Our
smaller-scale variants (e.g., Qwen3-VL-30BA3B, -32B, -8B, -4B, -2B) also exhibit remarkably competitive
performance in 3D object grounding, with detailed results provided in Tables 3 and 4, respectively.

5.6 Fine-grained Perception

We measure the models’ fine-grained perception capabilities on three popular benchmarks. The Qwen3-
VL series demonstrates a substantial leap in fine-grained visual understanding compared to its pre-
decessor, Qwen2.5-VL-72B. Notably, Qwen3-VL-235B-A22B achieves the state-of-the-art performance
across all three benchmarks when augmented with tools—reaching 93.7 on V* (Wu &Xie, 2024), 85.3
on HRBench-4k (Wang et al., 2024e), and 82.3 on HRBench-8k (Wang et al., 2024e). This consistent
outperformance highlights the effectiveness of architectural refinements and training strategies intro-
duced in Qwen3-VL, particularly in handling high-resolution inputs and subtle visual distinctions critical
for fine-grained perception tasks. Second, and perhaps more surprisingly, the performance gains from
integrating external tools consistently outweigh those from simply increasing model size. For example,
within the Qwen3-VL family, the absolute improvement by adding tools is consistently ~ 5 points across
V*. These findings reinforce our conviction that scaling tool-integrated agentic learning in multimodality
is a highly promising path forward.

5.7 Multi-Image Understanding

Beyond single-image grounded dialogue evaluation, advancing VLMs to handle multi-image understand-
ing is of significant value. This task requires higher-level contextual analysis across diverse visual patterns,
enabling more advanced recognition and reasoning capabilities. To this end, we nourish Qwen3-VL with
comprehensive cross-image pattern learning techniques, including multi-image referring grounding,
visual correspondence, and multi-hop reasoning. We evaluated Qwen3-VL on two prominent multi-
image benchmarks: BLINK (Fu et al., 2024c) and MuirBench (Wang et al., 2024a). As shown in Table 2,
Qwen3-VL demonstrates overall superiority in multi-image understanding compared to other leading
LVLMs. Specifically, Qwen3-VL-235B-A22B-Instruct achieves performance comparable to state-of-the-art
models such as Gemini-2.5-pro, while Qwen3-VL-235B-A22B-Thinking attains a remarkable leading score
of 80.1 on MuirBench, surpassing all other models.

5.8 Embodied and Spatial Understanding

For embodied and spatial understanding, Qwen3-VL’s performance is rigorously benchmarked against
leading SOTA models using a challenging suite of benchmarks: ERQA (Team et al., 2025), VSIBench (Yang
etal., 2025b), EmbSpatial (Du et al., 2024), RefSpatial (Zhou et al., 2025), and RoboSpatialHome (Song et al.,
2025a). Across these benchmarks, the model showcases exceptional capabilities, rivaling the performance
of top-tier models like Gemini-2.5-Pro, GPT-5, and Claude-Opus-4.1. This success is largely driven by
the model’s profound spatial understanding, which stems from its training on high-resolution visual
data with fine-grained pointing, relative-position annotations, and QA pairs. This capability is clearly
validated by its strong results on EmbSpatial, RefSpatial, and RoboSpatialHome, where Qwen3-VL-235B-
A22 achieves scores of 84.3, 69.9, and 73.9, respectively. Moreover, its embodied intelligence is significantly
enhanced through the integration of pointing, grounding, and spatio-temporal perception data during
training, leading to top-tier scores of 52.5 on ERQA (Team et al., 2025) and 60.0 on VSIBench (Yang et al.,
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VA F A ENRZI R =S [ ERRRE /1, IXUET HAE S PR 508 _ERIZR, IXLe8dE B 4ih 1 4e
ml, A E RN QA X, HfF EmbSpatial, RefSpatial #11 RoboSpatial Home | [ H 145 51 2 H g iE
TiX—RES, HH Qwen3-VL-235B-A22 7353k T 84.3. 69.9 F1 73.9 4L, 14N, @ LEIZREAIR
LRFRR, BN AR, HESEEER] T BEE, MME ERQA (Teamet d., 2025) F3K1§
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2025b) for Qwen3-VL-235B-A22B.

5.9 Video Understanding

Benefiting from the scaling of training data and key architectural enhancements, Qwen3-VL demon-
strates substantially improved video understanding capabilities. In particular, the integration of in-
terleaved MROPE, the insertion of textual timestamps, and scaling temporally dense video captions
collectively enable the Qwen3-VL 8B variant to achieve performance competitive with the significantly
larger Qwen2.5-VL 72B model.

We conduct a comprehensive evaluation across a diverse set of video understanding tasks, encom-
passing general video understanding (VideoMME (Fu et al., 2024a), MVBench (Li et al., 2024b)), tem-
poral video grounding (Charades-STA (Gao et al., 2017)), video reasoning (VideoMMMU (Hu et al,,
2025), MMVU (Zhao et al., 2025)), and long-form video understanding (LVBench (Wang et al., 2024d),
MLVU (Zhou et al., 2024)). In comparison with state-of-the-art proprietary models — including Gemini
2.5 Pro, GPT-5, and Claude Opus 4.1, Qwen3-VL demonstrates competitive and, in several cases, superior
performance. In particular, our flagship model, Qwen3-VL-235B-A22B-Instruct, achieves performance on
par with leading models such as Gemini 2.5 Pro (with a thinking budget of 128) and GPT-5 minimal on
standard video understanding benchmarks. By extending the context window to 256K tokens, it further
attains or even surpasses Gemini-2.5-Pro on long-video evaluation tasks, most notably on MLVU.

Regarding evaluation details, we imposed a cap of 2,048 frames per video for all benchmarks, ensuring
that the total number of video tokens did not exceed 224K. The maximum number of tokens per frame
was set to 768 for VideoMMMU and MMVU, and to 640 for all other benchmarks. Additionally, videos
from Charades-STA were sampled at 4 frames per second (fps), while a rate of 2 fps was used for all other
benchmarks. For VideoMMMU, we employed a model-based judge for evaluation, as rule-based scoring
proved insufficiently accurate. It is worth noting that our comparison cannot guarantee full fairness due
to resource and API limitations, which constrained the number of input frames used during evaluation:
512 for Gemini 2.5 Pro, 256 for GPT-5, and 100 for Claude Opus 4.1.

510 Agent

We evaluate Ul perception with GUI-grounding tasks (ScreenSpot (Cheng et al., 2024), ScreenSpot
Pro (Li et al., 2025b), OSWorldG(Xie et al., 2025a)) and assess decision-making abilities through online
environment evaluations (AndroidWorld (Rawles et al., 2024), OSWorld (Xie et al., 2025¢;b)). For GUI
grounding, Qwen3-VL-235B-A22B achieves state-of-the-art performance across multiple tasks, covering
interactive interfaces on desktop, mobile, and PC, and demonstrating exceptionally strong Ul perception
capabilities. For online evaluations, Qwen3-VL 32B scores 41 on OSWorld and 63.7 on AndroidWorld,
which surpasses the current foundation VLMs. Qwen3-VL demonstrates exceptionally strong planning,
decision-making, and reflection abilities as a GUI agent. Furthermore, smaller Qwen3-VL models have
demonstrated highly competitive performance on these benchmarks.

5.11 Text-Centric Tasks

To comprehensively evaluate the text-centric performance of Qwen3-VL, we adopt automatic benchmarks
to assess model performance on both instruct and thinking models. These benchmarks can be categorized
into the following key types: (1) Knowledge: MMLU-Pro (Wang et al., 2024f), MMLU-Redux (Gema
et al.,, 2024), GPQA (Rein et al., 2023), SuperGPQA (Team, 2025), (2) Reasoning: AIME-25 (AIME, 2025),
HMMT-25 (HMMT, 2025), LiveBench (2024-11-25) (White et al., 2024), (3) Code: LiveCodeBench v6 (Jain
et al., 2024), CFEval, OJBench (Wang et al., 2025c), (4) Alignment Tasks: IFEval (Zhou et al., 2023),
Arena-Hard v2 (Li et al., 2024d) !, Creative Writing v3 (Paech, 2023) 2, WritingBench (Wu et al., 2025b),
(5) Agent: BFCL-v3 (Patil et al., 2024), TAU2-Retail, TAU2-Airline, TAU2-Telecom, (6) Multilingual:
MultilF (He et al., 2024), MMLU-ProX, INCLUDE (Romanou et al., 2025), PolyMATH (Wang et al., 2025b).

Evaluation Settings For Qwen3-VL instruct models including 235B-A22B, 32B and 30B-A3B, we config-
ure the sampling hyperparameters with temperature = 0.7, top-p = 0.8, top-k = 20, and presence penalty
=1.5. As for the small instruct models including 8B, 4B and 2B, we set the temperature = 1.0, top-p = 1.0,
top-k = 40, and presence penalty = 2.0. We set the max output length to 32,768 tokens.

For Qwen3-VL thinking models with Mixture-of-Experts (MoE) architecture, we set the sampling temper-
ature to 0.6, top-p to 0.95, and top-k to 20. For the dense thinking models, we set temperature = 1.0, top-p

For reproducibility of Arena-Hard v2, we report the win rates evaluated by GPT-4.1.
2For reproducibility of Creative Writing v3, we report the scores evaluated by Claude 3.7 Sonnet.
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£ OSWorld L1554 41, £ AndroidWorld 155379 63.7, @i T 4 ATHIEME VLMs, Qwen3-VL fE
3 GUI AREERRR TAER SRR, DREEFIRERE ). IEAh, HU/N Qwen3-VL BAULEIX SE BN b
MR T E w5 I HITERE,

5.11 PACA A HULIITESS

N T 2HEEQwen3-VL ISIA N HULATRE )], FATTR A B sl RIS AR e e S B4R A1 RE
o IREEFUETT DU DA R LA CHERAL: (1) H1R: MMLU-Pro (Wang et al., 2024f), MMLU-Redux (G
emaet al., 2024), GPQA (Rein et al., 2023), SuperGPQA (Team, 2025), (2) #i#: AIME-25 (AIME, 2025), HM
MT-25 (HMMT, 2025), LiveBench (2024-11-25) (White et al., 2024), (3) fif%: LiveCodeBench v6 (Jain et al.,
2024), CFEval, OJBench (Wang et a., 2025c), (4) X 7F{F:55: IFEval (Zhou et al., 2023), Arena-Hard v2 (Li et al
., 2024d) 1, Creative Writing v3 (Paech, 2023) 2, WritingBench (Wu et al., 2025b), (5) X : BFCL-v3 (Patil et a
., 2024), TAU2-Retail, TAU2-Airling, TAU2-Telecom, (6) 2155 : MultilF (He et a., 2024), MMLU-ProX, IN
CLUDE (Romanou et al., 2025), PolyMATH (Wang et al., 2025b).

T Qwen3-VL instruct 1% {4% 235B-A22B, 32B fll 30B-A3B, FAECE RALHASECH: temperature
=0.7, top-p=0.8, top-k=20, PAA presence penalty = 1.5, *FF/N instruct &%, fi+E 8B, 4B #l 2B

, (1% HE temperature = 1.0, top-p= 1.0, top-k =40, DL} presence penaty = 2.0, FiTEHAHHKE
&'E N 32,768 1 tokens,

MPRAREGE S (MoE) ZRIHY Qwen-VL BRI, BATRERAHRIEIZE N 0.6, top-p BN 0.95, to
p-k BB 20, M TEREAERA, BATRIRE = BE 1.0, top-p BEN {v*}.

For reproducibility of Arena-Hard v2, we report the win rates evaluated by GPT-4.1.
2For reproducibility of Creative Writing v3, we report the scores evaluated by Claude 3.7 Sonnet.

20
AINLP



Table 5: Comparison among Qwen3-VL-235B-A22B (Instruct) and other baselines. The highest and
second-best scores are shown in bold and underlined respectively.

Qwen3-VL Qwen3 Deepseek V3 Claude-Opus-4

Benchmark 235B-A22B 235B-A22B 0324 (Without thinking)
Instruct Instruct-2507
MMLU-Pro 81.8 83.0 81.2 86.6
Knowledee MMLU-Redux 92.2 93.1 90.4 94.2
& GPQA 74.3 77.5 68.4 74.9
SuperGPQA 60.4 62.6 57.3 56.5
AIME-25 74.7 70.3 46.6 33.9
Reasoning HMMT-25 57.4 55.4 27.5 15.9
LiveBench 2024-11-25 74.8 75.4 66.9 74.6
IFEval 87.8 88.7 82.3 87.4
Alignment Arena-Hard V2 (winrate) 77.4 79.2 45.6 51.5
Tasks Creative Writing v3 86.5 87.5 81.6 83.8
WritingBench 85.5 85.2 74.5 79.2
. LiveCodeBench v6 54.3 51.8 45.2 44.6
Coding & Agent oy (g 67.7 70.9 64.7 60.1
MultilF 76.3 77.5 66.5 -
Multilineualism MMLU-ProX 77.8 79.4 75.8 -
& INCLUDE 80.0 79.5 80.1 -
PolyMATH 45.1 50.2 32.2 30.0

=0.95, top-k = 20, and additionally apply a presence penalty of 1.5 to encourage greater output diversity.
We set the max output length to 32,768 tokens, except AIME-25, HMMT-25 and LiveCodeBench v6 where
we extend the length to 81,920 tokens to provide sufficient thinking space.

The detailed results are as follows.

Qwen3-VL-235B-A22B  We compare our flagship model Qwen3-VL-235B-A22B with the leading instruct
and thinking models. For the Qwen3-VL-235B-A22B-Instruct, we take Qwen3-235B-A22B-Instruct-2507,
DeepSeek V3 0324, and Claude-Opus-4 (without thinking) as the baselines. For the Qwen3-VL-235B-
A22B-Thinking, we take Qwen3-235B-A22B-Thinking-2507, OpenAl 03 (medium), Claude-Opus-4 (with
thinking) as baselines. We present the evaluation results in Table 5 and Table 6.

¢ From Table 5, Qwen3-VL-235B-A22B-Instruct achieves competitive results, comparable to or even
surpassing the other leading models, including DeepSeek V3 0324, Claude-Opus-4 (without thinking),
and our previous flagship model Qwen3-235B-A22B-Instruct-2507. Particularly, Qwen3-VL-235B-A22B-
Instruct exceeds other models on reasoning-demand tasks (e.g., mathematics and coding). It is worth
noting that DeepSeek V3 0324 and Qwen3-235B-A22B-Instruct-2507 are Large Language Models, while
Qwen3-VL-235B-A22B-Instruct is a Vision Language model which can process visual and textual tasks.
This means that Qwen3-VL-235B-Instruct has achieved the integration of visual and textual capabilities.

¢ From Table 6, Qwen3-VL-235B-A22B-Thinking also achieves competitive results compared with other
leading thinking models. Qwen3-VL-235B-A22B-Thinking exceeds OpenAl 03 (medium) and Claude-
Opus-4 (with thinking) on AIME-25 and LiveCodeBench v6, which means Qwen3-VL-235B-A22B-
Thinking has better reasoning ability.

Qwen3-VL-32B / 30B-A3B  We compare our Qwen3-VL-32B and Qwen3-VL-30B-A3B models with their
corresponding text-only counterparts, namely Qwen3-32B, Qwen3-30B-A3B, and Qwen3-30B-A3B-2507.
We present the evaluation results in Table 7 and Table 8.

* From Table 7, for instruct models, Qwen3-VL-32B and Qwen3-VL-30B-A3B show significant per-
formance improvement compared with Qwen3-32B and Qwen3-30B-A3B on all the benchmarks.
Qwen3-VL-30B-A3B achieves comparable or even better results compared with Qwen3-30B-A3B-2507,
particularly AIME-25 and HMMT-25.

¢ From Table 8, for thinking models, Qwen3-VL-32B and Qwen3-VL-30B-A3B surpass the baselines in
most of the benchmarks. Qwen3-VL-30B-A3B also shows comparable performance compared with
Qwen3-30B-A3B-2507.
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7 5: Qwen-VL-235B-A22B (Instruct) 5 HMELAER I LI, B @ or FEE &5 o0 5l DR RT R RIZR 2
o

Qwen3-VL Qwen3 Deepseek V3 Claude-Opus-4

Benchmark 235B-A22B 235B-A22B 0324 (Without thinking)
Instruct Instruct-2507
MMLU-Pro 81.8 83.0 81.2 86.6
Knowledee MMLU-Redux 92.2 93.1 90.4 94.2
& GPQA 74.3 77.5 68.4 74.9
SuperGPQA 60.4 62.6 57.3 56.5
AIME-25 74.7 70.3 46.6 33.9
Reasoning HMMT-25 57.4 55.4 27.5 15.9
LiveBench 2024-11-25 74.8 75.4 66.9 74.6
IFEval 87.8 88.7 82.3 874
Alignment Arena-Hard V2 (winrate) 77.4 79.2 45.6 51.5
Tasks Creative Writing v3 86.5 87.5 81.6 83.8
WritingBench 85.5 85.2 74.5 79.2
. LiveCodeBench v6 54.3 51.8 45.2 44.6
Coding & Agent oy (g 67.7 70.9 64.7 60.1
MultilF 76.3 77.5 66.5 -
Multilineualism MMLU-ProX 77.8 79.4 75.8 -
& INCLUDE 80.0 79.5 80.1 -
PolyMATH 45.1 50.2 32.2 30.0

=0.95, top-k =i%H 20, FFEMIMNYFH 1.5 FITEFETREST, DASERhSE KAV 280, BT &Rt E
BN 32,768 1> tokens, F& T AIME-25. HMMT-25 f1 LiveCodeBench v6, fEIXEEIEM R, FATEKE
P25 81,920 1™ tokens, AR E S A B 23 (H],

FEANEETRANT

Qwen3-VL-235B-A22B FA T FRATHIFEANEA Qwen3-VL-235B-A22B 545 HIHE S FEZ A T T Lt

. XF Qwen3-VL-235B-A22B-Instruct, Ffi1A Qwen3-235B-A22B-Instruct-2507. DeepSeek V3 0324 F1

Claude-Opus-4 (FCiE#) 1ENHELL, T Qwen3-VL-235B-A22B-Thinking, F%fI1PA Qwen3-235B-A22B-T

%nélg 9%9—2507\ OpenAl 03 (medium), Claude-Opus-4 (H/8%) {ENHLk, FAMER 5% 6 PER T
A o

o IERSADIEH, Qwen3-VL-235B-A22B-InstructEfs 7 A S NG R, SHMGUCHERMEL, BE
Al ELHEE B T e, flifiDeepSeek V30324, Claude-Opus-4 (ARIEHATEE) DA FRATZ BiAHE
I Qwen3-235B-A22B-Instruct-2507,  F#7ll5E, Qwen3-VL-235B-A22B-InstructfEfEFE TR R AU(TSS (5]
w, BUAMgmRL) B T MR, [EISEERZE, DeepSeek V3 0324F1Qwen3-235B-A22B-Instruct
-2507 2 KANES KA Qwen3-VL-235B-A22B-InstructiE A IE S, Al DIAC PR BE IS AME 55
X Qwen3-V L-235B-Instruct &L SZFL 7 A0 5 N SCASRE 17 B8 Al

e \FE 6 AJLAIEH, Qwen3-VL-235B-A22B-Thinking 5 HMMSeAEEHEEMHLL, tWEUS TEEZS N
HIEE R, Qwen3-VL-235B-A22B-Thinking 1£ AIME-25 F1 LiveCodeBench {v*} L&) T OpenAl 03 (med
ium) 1 Claude-Opus-4 (with thinking), JXEM%E Qwen3-VL-235B-A22B-Thinking B G & 4f HEHHE

o]

Qwen3-VL-32B / 30B-A3B FAf 1K Qwen3-VL-32B F1 Qwen3-VL-30B-A3B 7 5 Hoxf b [ 40 S AR i
f7EE%E, Bl Qwen3-32B. Qwen3-30B-A3B Al Qwen3-30B-A3B-2507, FAT11ER 7 fl3k 8 /R 1 PEfhgs

o

o MR 70 DAFEH, T instruct #%!  Qwen3-VL-32B fl Qwen3-VL-30B-A3B 1E i MR &R TR
H Et Qwen3-32B 1 Qwen3-30B-A3B &M MEAESE A, Qwen3-VL-30B-A3B HifSF 75 Qwen3-30B-A3B-
2507 MY ERHIFEE R, THZTE AIME-25 Fl HMMT-25 L,

o \E8HIDIBH, XTE4EHA! Qwen3-VL-32B F1 Qwen3-VL-30B-A3B 1£ k2 Fidk iR Fh &R
TR, Qwen3-VL-30B-A3B LRI H 5 Qwen3-30B-A3B-2507 AH 24 114 RE,
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Table 6: Comparison among Qwen3-VL-235B-A22B (Thinking) and other reasoning baselines. The
highest and second-best scores are shown in bold and underlined respectively.

Qwen3-VL Qwen3 OpenAl 03 Claude-Opus-4

Benchmark 235B-A22B 235B-A22B (medium) (With thinking)
Thinking Thinking-2507
MMLU-Pro 83.8 844 85.9 -
Knowledee MMLU-Redux 93.7 93.8 94.9 94.6
& GPQA 77.1 81.1 83.3(high) 796
SuperGPQA 64.3 64.9 - -
AIME-25 89.7 92.3 88.9(high) 75.5
Reasoning HMMT-25 774 83.9 77.5 58.3
LiveBench 2024-11-25 79.6 78.4 78.3 78.2
LiveCodeBench vé6 70.1 74.1 58.6 48.9
Coding CFEval 1964 2134 2043 -
OJBench 275 32.5 25.4 -
IFEval 88.2 87.8 92.1 89.7
Alignment Arena-Hard V2 (winrate) 74.8 79.7 80.8 59.1
Tasks Creative Writing v3 85.7 86.1 87.7 83.8
WritingBench 86.7 88.3 85.3 79.1
BECL-v3 71.8 719 72.4 61.8
Agent TAU2-Retail 67.0 719 76.3 -
& TAU2-Airline 62.0 58.0 70.0 -
TAU2-Telecom 447 45.6 60.5 -
MultilF 79.1 80.6 80.3 -
Multilineualism MMLU-ProX 80.6 81.0 83.3 -
& INCLUDE 80.0 81.0 86.6 -
PolyMATH 57.8 60.1 49.7 -

Table 7: Comparison among Qwen3-VL-32B-Instruct, Qwen3-VL-30B-A3B-Instruct, and corresponding
baselines.

Qwen3-VL Qwen3 Qwen3-VL Qwen3 Qwen3

Benchmark 32B 32B 30B-A3B 30B-A3B 30B-A3B

Instruct Instruct Instruct Instruct Instruct-2507
MMLU-Pro 78.6 719 77.8 69.1 78.4
Knowledee MMLU-Redux 89.8 85.7 88.4 84.1 89.3
& GPQA 68.9 54.6 70.4 54.8 70.4
SuperGPQA 54.6 43.2 53.1 42.2 53.4
AIME-25 66.2 20.2 69.3 21.6 61.3
Reasonin HMMT-25 46.1 10.9 50.6 12.0 43.0
& LiveBench 20241125 72.2 31.3 65.4 594 69.0
IFEval 84.7 83.2 85.8 83.7 84.7
Alignment Arena-Hard V2 (winrate) 64.7 37.4 58.5 24.8 69.0
Tasks Creative Writing v3 85.6 80.6 84.6 68.1 86.0
WritingBench 82.9 81.3 82.6 72.2 85.5
Codine & Acent LiveCodeBench v6 43.8 29.1 42.6 29.0 43.2
& AN BRECL-v3 70.2 63.0 663 58.6 65.1
MultilF 72.0 70.7 66.1 70.8 67.9
Multilineualism MMLU-ProX 73.4 69.3 70.9 65.1 72.0
& INCLUDE 74.0 69.6 71.6 67.8 719
PolyMATH 40.5 22.5 44.3 23.3 43.1

Qwen3-VL-8B /4B /2B We present the evaluation results of Qwen3-VL-2B, Qwen3-VL-4B, and Qwen3-
VL-8B in Table 9 and Table 10. For Qwen3-VL-2B and Qwen3-VL-8B, we compare them with Qwen3-1.7B
and Qwen3-8B. For Qwen3-VL-4B, we compare it with Qwen3-4B and Qwen3-4B-2507. Overall, these
edge-side models exhibit impressive performance and outperform baselines. These results demonstrate
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7 6: Qwen-VL-235B-A22B (Thinking) 5 HAAERIELRAV LS, B o0 M1 EE — 0 70 il DURRL RN T K12k 2.
o

Qwen3-VL Qwen3 OpenAl 03 Claude-Opus-4

Benchmark 235B-A22B 235B-A22B (medium) (With thinking)
Thinking Thinking-2507
MMLU-Pro 83.8 844 85.9 -
Knowledee MMLU-Redux 93.7 93.8 94.9 94.6
& GPQA 77.1 81.1 83.3(high) 796
SuperGPQA 64.3 64.9 - -
AIME-25 89.7 92.3 88.9(high) 75.5
Reasoning HMMT-25 774 83.9 77.5 58.3
LiveBench 2024-11-25 79.6 78.4 78.3 78.2
LiveCodeBench vé6 70.1 74.1 58.6 48.9
Coding CFEval 1964 2134 2043 -
OJBench 275 32.5 25.4 -
IFEval 88.2 87.8 92.1 89.7
Alignment Arena-Hard V2 (winrate) 74.8 79.7 80.8 59.1
Tasks Creative Writing v3 85.7 86.1 87.7 83.8
WritingBench 86.7 88.3 85.3 79.1
BECL-v3 71.8 719 72.4 61.8
Agent TAU2-Retail 67.0 719 76.3 -
gen TAU2-Airline 62.0 58.0 70.0 -
TAU2-Telecom 447 45.6 60.5 -
MultilF 79.1 80.6 80.3 -
Multilineualism MMLU-ProX 80.6 81.0 83.3 -
& INCLUDE 80.0 81.0 86.6 -
PolyMATH 57.8 60.1 49.7 -

7 7: Qwen3-VL-32B-Instruct, Qwen3-VL-30B-A3B-Instruct PAK AR B2k > A1 b4,

Qwen3-VL Qwen3 Qwen3-VL Qwen3 Qwen3

Benchmark 32B 32B 30B-A3B 30B-A3B 30B-A3B

Instruct Instruct Instruct Instruct Instruct-2507
MMLU-Pro 78.6 71.9 77.8 69.1 78.4
Knowledee MMLU-Redux 89.8 85.7 88.4 84.1 89.3
& GPQA 68.9 54.6 70.4 54.8 70.4
SuperGPQA 54.6 43.2 53.1 422 53.4
AIME-25 66.2 20.2 69.3 21.6 61.3
R . HMMT-25 46.1 10.9 50.6 12.0 43.0
casoning LiveBench 20241125 72.2 31.3 65.4 59.4 69.0
IFEval 84.7 83.2 85.8 83.7 84.7
Alignment Arena-Hard V2 (winrate) 64.7 37.4 58.5 24.8 69.0
Tasks Creative Writing v3 85.6 80.6 84.6 68.1 86.0
WritingBench 82.9 81.3 82.6 72.2 85.5
Codine & Acent LiveCodeBench v6 43.8 29.1 42.6 29.0 43.2
& AN BRECL-v3 70.2 63.0 663 58.6 65.1
MultilF 72.0 70.7 66.1 70.8 67.9
Multilingualism MMLU-ProX 73.4 69.3 70.9 65.1 72.0
& INCLUDE 74.0 69.6 71.6 67.8 71.9
PolyMATH 40.5 22.5 443 23.3 43.1

Qwen3-VL-8B /4B / 2B FXATfEF 9 5% 10 /R T Qwen3-VL-2B, Qwen3-VL-4B F1 Qwen3-VL-8B 1

PEAHEE R, AT Qwen3-VL-2B 1 Qwen3-VL-8B, FHA 4 EH S Qwen3-1.7B 1 Qwen3-8B H1TLbH, XT
Qwen3-VL-4B, FATEH S Qwen3-4B Fi1 Qwen3-4B-2507 HHTH#L, SUATI S, IXEEB MR R H
S NENGIRZIIERE, A TRk, IxXeLst BRH
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Table 8: Comparison among Qwen3-VL-32B (Thinking), Qwen3-VL-30B-A3B (Thinking), and corre-

sponding baselines.

Owen3-VL Qwen3 Qwen3-VL Qwen3 Qwen3
Benchmark 32B 32B 30B-A3B 30B-A3B 30B-A3B
Thinking Thinking Thinking Thinking Thinking-2507

MMLU-Pro 82.1 79.1 80.5 78.5 80.9
Knowledee MMLU-Redux 91.9 90.9 90.9 89.5 914
& GPQA 73.1 68.4 74.4 65.8 73.4
SuperGPQA 59.0 54.1 56.4 51.8 56.8
AIME-25 83.7 72.9 83.1 70.9 85.0
Reasoning HMMT-25 64.6 51.8 67.6 49.8 714
LiveBench 2024-11-25 74.7 65.7 72.1 74.3 76.8
LiveCodeBench v6 65.6 60.6 64.2 57.4 66.0
Coding CFEval 1842 1986 1894 1940 2044
OJBench 20.0 24.1 234 20.7 25.1
IFEval 87.8 85.0 81.7 86.5 88.9
Alignment Arena-Hard V2 (winrate) 60.5 50.3 56.7 36.3 56.0
Tasks Creative Writing v3 83.3 84.4 82.5 79.1 84.4
WritingBench 86.2 78.4 85.2 77.0 85.0
BFCL-v3 71.7 70.3 68.6 69.1 72.4
Acent TAU2-Retail 59.4 59.6 64.0 34.2 58.8
& TAU2-Airline 52.5 38.0 48.0 36.0 58.0
TAU2-Telecom 469 26.3 27.2 22.8 26.3
MultilF 78.0 73.0 73.0 72.2 76.4
Multilineualism MMLU-ProX 77.2 74.6 76.1 73.1 76.4
& INCLUDE 76.3 73.7 74.5 71.9 74.4
PolyMATH 52.0 474 51.7 46.1 52.6

Table 9: Comparison among Qwen3-VL-2B (Instruct), Qwen3-VL-4B (Instruct), Qwen3-VL-8B (Instruct)

and corresponding baselines.

Qwen3-VL Qwen3-VL Qwen3-VL Qwen3

Qwen3 Qwen3 Qwen3

Benchmark 2B 4B 8B 1.7B 4B 8B 4B
Instruct Instruct Instruct Instruct Instruct Instruct Instruct-2507

MMLU-Pro 49.0 67.1 71.6 42.3 58.0 63.4 69.6
Knowledee MMLU-Redux 66.5 81.5 84.9 63.6 77.3 79.5 84.2
g GPQA 42.0 55.9 61.9 34.7 41.7 39.3 62.0
SuperGPQA 24.3 40.3 445 22.8 32.0 35.8 42.8
AIME-25 222 46.6 459 10.6 19.1 20.9 474
Reasoning HMMT-25 10.9 30.7 325 6.2 12.1 11.8 31.0
LiveBench 2024-11-25 39.5 60.9 62.0 35.6 48.4 53.5 63.0
IFEval 68.2 82.3 83.7 67.1 81.2 83.0 83.4
Alignment Arena-Hard V2 (winrate) 6.4 30.4 46.3 4.1 9.5 15.5 434
Tasks Creative Writing v3 48.6 72.3 77.0 49.1 53.6 69.0 83.5
WritingBench 73.0 82.5 83.1 65.1 68.5 71.4 83.4

Codine & Agent LiveCodeBench v6 20.3 37.9 39.3 16.1 26.4 25.5 35.1
& & AN BRCL-v3 55.4 63.3 66.3 522 576 602 619
MultilF 43.2 61.5 66.8 432 61.3 69.2 69.0
Multilingualism MMLU-ProX 38.8 59.4 65.4 335 49.6 58.0 61.6
g INCLUDE 45.8 61.4 67.0 42.6 53.8 62.5 60.1
PolyMATH 14.9 28.8 30.4 10.3 16.6 18.8 31.1

the efficacy of our Strong-to-Weak Distillation approach, making it possible for us to build the lightweight
models with remarkably reduced costs and efforts.
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% 8: Qwen3-VL-32B (J&#) . Qwen3-VL-30B-A3B (fE#) DR AHMN FLLk > R HLEL,

Owen3-VL Qwen3 Qwen3-VL Qwen3 Qwen3
Benchmark 32B 32B 30B-A3B 30B-A3B 30B-A3B
Thinking Thinking Thinking Thinking Thinking-2507
MMLU-Pro 82.1 79.1 80.5 78.5 80.9
Knowledge MMLU-Redux 91.9 90.9 90.9 89.5 91.4
& GPQA 73.1 68.4 74.4 65.8 73.4
SuperGPQA 59.0 54.1 56.4 51.8 56.8
AIME-25 83.7 729 83.1 70.9 85.0
Reasoning HMMT-25 64.6 51.8 67.6 49.8 714
LiveBench 2024-11-25 74.7 65.7 72.1 74.3 76.8
LiveCodeBench v6 65.6 60.6 64.2 57.4 66.0
Coding CFEval 1842 1986 1894 1940 2044
OJBench 20.0 24.1 23.4 20.7 25.1
IFEval 87.8 85.0 81.7 86.5 88.9
Alignment Arena-Hard V2 (winrate) 60.5 50.3 56.7 36.3 56.0
Tasks Creative Writing v3 83.3 84.4 82.5 79.1 84.4
WritingBench 86.2 78.4 85.2 77.0 85.0
BFCL-v3 71.7 70.3 68.6 69.1 724
Acent TAU2-Retail 59.4 59.6 64.0 34.2 58.8
& TAU2-Airline 52.5 38.0 48.0 36.0 58.0
TAU2-Telecom 46.9 26.3 27.2 22.8 26.3
MultilF 78.0 73.0 73.0 72.2 76.4
Multilineualism MMLU-ProX 77 .2 74.6 76.1 73.1 76.4
& INCLUDE 76.3 73.7 74.5 71.9 74.4
PolyMATH 52.0 47.4 51.7 46.1 52.6
7% 9: Qwen3-VL-2B (Instruct) . Qwen3-VL-4B (Instruct) . Qwen3-VL-8B (Instruct) DAKAHREELAE
A [A Y EE AR
Qwen3-VL Qwen3-VL Qwen3-VL Qwen3 Qwen3 Qwen3 Qwen3
Benchmark 2B 4B 8B 1.7B 4B 8B 4B
Instruct Instruct Instruct Instruct Instruct Instruct Instruct-2507
MMLU-Pro 49.0 67.1 71.6 423 58.0 63.4 69.6
Knowledee MMLU-Redux 66.5 815 84.9 63.6 77.3 79.5 84.2
& GPQA 42.0 55.9 61.9 34.7 41.7 39.3 62.0
SuperGPQA 24.3 40.3 445 22.8 32.0 35.8 42.8
AIME-25 222 46.6 45.9 10.6 19.1 20.9 474
Reasoning HMMT-25 10.9 30.7 325 6.2 12.1 11.8 31.0
LiveBench 2024-11-25 39.5 60.9 62.0 35.6 484 53.5 63.0
IFEval 68.2 82.3 83.7 67.1 81.2 83.0 834
Alignment Arena-Hard V2 (winrate) 6.4 30.4 46.3 4.1 9.5 15.5 434
Tasks Creative Writing v3 48.6 72.3 77.0 49.1 53.6 69.0 83.5
WritingBench 73.0 825 83.1 65.1 68.5 714 83.4
Codine & Agent LiveCodeBench v6 20.3 37.9 39.3 16.1 26.4 25.5 35.1
& & ANt BECL-v3 55.4 63.3 66.3 522 576 602 619
MultiIF 43.2 61.5 66.8 43.2 61.3 69.2 69.0
Multilingualism MMLU-ProX 38.8 59.4 65.4 33.5 49.6 58.0 61.6
& INCLUDE 45.8 614 67.0 42.6 53.8 62.5 60.1
PolyMATH 14.9 28.8 30.4 10.3 16.6 18.8 31.1

PATRAR A SSZRIBTTIRR AR, (EIRATRENS DA & R A A TG A R B, {v*}
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Table 10: Comparison among Qwen3-VL-2B (Thinking), Qwen3-VL-4B (Thinking), Qwen3-VL-8B
(Thinking) and corresponding baselines.

Qwen3-VL Qwen3-VL Qwen3-VL Qwen3 Qwen3 Qwen3 Qwen3

Benchmark 2B 4B 8B 1.7B 4B 8B 4B
Thinking Thinking Thinking Thinking Thinking Thinking Thinking-2507

MMLU-Pro 62.3 73.6 77.3 58.1 70.4 74.6 74.0

Knowledee MMLU-Redux 76.9 86.0 88.8 73.9 83.7 87.5 86.1
& GPQA 49.5 64.1 69.9 27.9 55.9 62.0 65.8
SuperGPQA 34.6 46.8 51.2 31.2 42.7 47.6 47.8
AIME-25 39.0 74.5 80.3 36.8 65.6 67.3 81.3
Reasonin HMMT-25 22.8 53.1 60.6 24.3 42.1 43.2 55.5
& LiveBench 2024-11-25 50.1 68.4 69.8 51.1 63.6 67.1 71.8

IFEval 75.1 82.6 83.2 72.5 81.9 85.0 87.4

Alignment Arena-Hard V2 (winrate) 12.0 36.8 51.1 4.7 13.7 29.1 34.9
Tasks Creative Writing v3 55.6 76.1 82.4 50.6 61.1 78.5 75.6
WritingBench 77.9 84.0 85.5 68.9 73.5 75.0 83.3

Codine & Agent LiveCodeBench v6 29.3 51.3 58.6 31.3 48.4 51.0 55.2
& & AN BpCL-v3 57.2 67.3 63.0 566 659 681 712
MultilF 58.9 73.6 75.1 51.2 66.3 71.2 77.3

Multilineualism MMLU-ProX 55.1 65.0 70.7 50.4 61.0 68.1 64.2
& INCLUDE 53.3 64.6 69.5 51.8 61.8 67.8 64.4
PolyMATH 28.0 44.6 47.5 25.2 40.0 427 46.2

5.12 Ablation Study
5.12.1 Vision Encoder

We conduct comparative experiments against the original SigLIP-2. As shown in Table 11, in zero-shot
evaluation at the CLIP pretraining stage, Qwen3-ViT maintains competitive performance on standard
benchmarks while achieving substantial gains on OmniBench, our in-house holistic evaluation suite
designed to assess world knowledge integration under diverse and challenging conditions. Furthermore,
when integrated with the same 1.7B Qwen3 language model and trained for 1.5T tokens, Qwen3-ViT
consistently outperforms the SigLIP-2-based baseline across multiple key tasks and remains significantly
ahead on OmniBench, demonstrating its superiority and effectiveness as a stronger visual backbone.

Table 11: Ablation on Qwen3-ViT. We compare the performance metrics of Qwen3-ViT and SigLIP-2
during the CLIP pre-training stage, and further evaluate their downstream performance in the vision-
language modeling (VLM) stage when paired with the same 1.7B Qwen3 language model.

ViT Clip Bench VLM Bench

ImageNet-1K ImageNet-V2 ImageNet-A ImageNet-R ImageNet-S ObjectNet Omni|OCRB AI2D RLWDQA InfoVQA Omni
SigLIP-2 84.2 78.6 87.0 96.1 76.2 79.9 369 | 772 741 58.7 65.3 50.1
Qwen3-ViT 84.6 78.8 87.1 95.7 74.5 81.0 455 | 78.7 762 66.1 67.0 53.0

5.12.2 DeepStack

We conduct an ablation study to verify the effectiveness of the DeepStack mechanism. As demonstrated
in Table 12, the model equipped with DeepStack achieved an overall performance gain across various
benchmarks, strongly affirming its effectiveness. This gain is attributed to DeepStack’s ability to integrate
rich visual information, which effectively boosts the capability in fine-grained visual understanding, such
as on the InfoVQA and DocVQA benchmarks.

Table 12: Ablation on DeepStack. We conduct the ablation study on the DeepStack using an internal 15B-
A2B LLM, with all experiments pretrained on 200 billion tokens. We directly evaluate these pretrained
models on the validation sets, without any post-training.

Method AVG AI2D OCRB TVQA InfoVQA ChartQA DocVQA MMMU MMStar RLWDQA MMBry MMBcy

Baseline 747 818 81.0 80.6 719 81.5 89.5 529 55.5 67.7 81.0 78.1
DeepStack 76.0 832 836 80.5 74.2 83.3 91.1 54.1 57.7 68.1 81.2 78.5
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i%10: Qwen3-VL-2B (%) . Qwen3-VL-4B (JE%) . Qwen3-VL-8B (&%) DANAHMNFELZ AL

Ko

Qwen3-VL Qwen3-VL Qwen3-VL Qwen3 Qwen3 Qwen3 Qwen3

Benchmark 2B 4B 8B 1.7B 4B 8B 4B
Thinking Thinking Thinking Thinking Thinking Thinking Thinking-2507
MMLU-Pro 62.3 73.6 77.3 58.1 70.4 74.6 74.0
Knowledee MMLU-Redux 76.9 86.0 88.8 73.9 83.7 87.5 86.1
& GPQA 49.5 64.1 69.9 27.9 55.9 62.0 65.8
SuperGPQA 34.6 46.8 51.2 31.2 42.7 47.6 47.8
AIME-25 39.0 74.5 80.3 36.8 65.6 67.3 81.3
Reasonin HMMT-25 22.8 53.1 60.6 24.3 42.1 43.2 55.5
& LiveBench 2024-11-25 50.1 68.4 69.8 51.1 63.6 67.1 71.8
IFEval 75.1 82.6 83.2 72.5 81.9 85.0 87.4
Alignment Arena-Hard V2 (winrate) 12.0 36.8 51.1 4.7 13.7 29.1 34.9
Tasks Creative Writing v3 55.6 76.1 82.4 50.6 61.1 78.5 75.6
WritingBench 77.9 84.0 85.5 68.9 73.5 75.0 83.3
Codine & Agent LiveCodeBench v6 29.3 51.3 58.6 31.3 48.4 51.0 55.2
& & AN BpCL-v3 57.2 67.3 63.0 566 659 681 712
MultilF 58.9 73.6 75.1 51.2 66.3 71.2 77.3
Multilineualism MMLU-ProX 55.1 65.0 70.7 50.4 61.0 68.1 64.2
& INCLUDE 53.3 64.6 69.5 51.8 61.8 67.8 64.4
PolyMATH 28.0 44.6 47.5 25.2 40.0 427 46.2
5.12 JH R

5. 12.1 M dmides

BATEAT T 5E4E SigLIP-2 FUXTEESESS, a1 11 FivR, 7€ CLIP FIZRM BRI B REAR TR H, Qwen3-Vi
T EFREFE NN _E R T 5e I MERE, [AIIHAE OmniBench LEUS T 3142, OmniBench ZFA(]
NIRRT B, BIESTE SR EA PRV &0 N R ANRVEESEET1, Ah, M 5HEER 1
7B Qwen3 B Z BB IFIIZ5 15T tokens &, Qwen3-ViT EZ N RKETES LIGRMRTHET SigLIP-2 19
Hek, IFHAE OmniBench BANSREEWSE, WERA T HAE N E SR A B T R EUE R A R,

7 11: Qwen3-ViT HOTHRISEEG, FRATH T Qwen3-ViT M SigLIP-2 7£ CLIP FiIIZrk EXf 1 RETEFR, I
B0 T e TEM - S BB (VLM) MTEES AR 1.7B Qwen3 15 S YR N A R e RE,

ViT Clip Bench VLM Bench

ImageNet-1K ImageNet-V2 ImageNet-A ImageNet-R ImageNet-S ObjectNet Omni|OCRB AI2D RLWDQA InfoVQA Omni
SigLIP-2 84.2 78.6 87.0 96.1 76.2 79.9 369 | 772 741 58.7 65.3 50.1
Qwen3-ViT 84.6 78.8 87.1 95.7 74.5 81.0 455 | 78.7 762 66.1 67.0 53.0
5.12.2 DeepStack

BABEAT T —DUHRAT S, DAKRIE DeepStack HLHIFI AR, 413K 12 iR, BLE DeepStack AR
FPEEHENNA ARG T RARVERESR T, A I HIIESE T HA R, IXMETHA)T DeepStack & =M
DEERIRET], MTARERTT AR LB ERARRE ST, BIUNFE InfoV QA F1 DocVQA F:HEMIA A,

7 12: DeepStack AJTHAISZEG, FRATMEFH AT 15B-A2B LLM f£ DeepStack i/ TIHRIANZR, ATE K
FOYITE 2000 121 token _EiFATHIIZR, FATEZERUEE EIPAEIX el 288, TTFATME I,

Method AVG AI2D OCRB TVQA InfoVQA ChartQA DocVQA MMMU MMStar RLWDQA MMBry MMBcy

Baseline 747 818 810 80.6 719 81.5 89.5 529 55.5 67.7 81.0 78.1
DeepStack 76.0 832 836 80.5 74.2 83.3 91.1 54.1 57.7 68.1 81.2 78.5

24
AINLP



Within Training Context (0-30 Minutes) Extrapolation Context (40-120 Minutes)

0%

Depth (%)
Accuracy Score

100% I
0.0

0  5min 10min 15min 20min 25min 30min 40min 50min 60min 70min 80min 90min 100min  110min  120min
(128k) (256k) (512k) (768k) (1024k)

Context Length

Figure 3: Needle-in-a-Haystack performance heatmap for Qwen3-VL-235B-A22B-Instruct across varying
video durations and needle positions. Each cell shows accuracy (%) for locating and answering questions
about the inserted “needle” frame.

5.12.3 Needle-in-a-Haystack

To evaluate the model’s capability in processing long-context inputs, we construct a video “Needle-in-
a-Haystack” evaluation on Qwen3-VL-235B-A22B-Instruct. In this task, a semantically salient “needle”
frame—containing critical visual evidence—is inserted at varying temporal positions within a long video.
The model is then tasked with accurately locating the target frame from the long video and answering the
corresponding question. During evaluation, videos are uniformly sampled at 1 FPS, and frame resolution
is dynamically adjusted to maintain a constant visual token budget.

As shown in Figure 3, the model achieves a perfect 100% accuracy on videos up to 30 minutes in
duration—corresponding to a context length of 256K tokens. Remarkably, even when extrapolating to
sequences of up to 1M tokens (approximately 2 hours of video) via YaRN-based positional extension,
the model retains a high accuracy of 99.5%. These results strongly demonstrate the model’s powerful
long-sequence modeling capabilities.

6 Conclusion

In this work, we present Qwen3-VL, a state-of-the-art series of vision-language foundation models that
advances the frontier of multimodal understanding and generation. By integrating high-quality multi-
modal data iteration and architectural innovations—such as enhanced interleaved-MRoPE, DeepStack
vision-language alignment, and text-based temporal grounding—Qwen3-VL achieves unprecedented
performance across a broad spectrum of multimodal benchmarks while maintaining strong pure-text
capabilities. Its native support for 256K-token interleaved sequences enables robust reasoning over long,
complex documents, image sequences, and videos, making it uniquely suited for real-world applications
demanding high-fidelity cross-modal comprehension. The availability of both dense and Mixture-of-
Experts variants ensures flexible deployment across diverse latency and quality requirements, and our
post-training strategy—including non-thinking and thinking modes.

Looking forward, we envision Qwen3-VL as a foundational engine for embodied Al agents capable
of seamlessly bridging the digital and physical worlds. Such agents will not only perceive and rea-
son over rich multimodal inputs but also execute decisive, context-aware actions in dynamic environ-
ments—interacting with users, manipulating digital interfaces, and guiding robotic systems through
grounded, multimodal decision-making. Future work will focus on extending Qwen3-VL’s capabilities
toward interactive perception, tool-augmented reasoning, and real-time multimodal control, with the
ultimate goal of enabling Al systems that learn, adapt, and collaborate alongside humans in both vir-
tual and physical domains. Additionally, we are actively exploring unified understanding-generation
architectures, leveraging visual generation capabilities to elevate overall intelligence further. By openly
releasing the entire model family under the Apache 2.0 license, we aim to catalyze community-driven
innovation toward the vision of truly integrated, multimodal Al agents.
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A Benchmarks

We evaluate Qwen3-VL on a wide range of public benchmarks across distinct capabilities: multimodal
reasoning, general visual question answering, subjective experience & instruction following, document
understanding (including OCR), 2D/3D visual grounding and counting, spatial reasoning, video un-
derstanding, GUI agent, and Text-Centric tasks. Below, we provide a detailed list of all the benchmarks
used.

* Multimodal Reasoning: We evaluate the models on 12 benchmarks spanning a diverse range of
domains—f{rom mathematics and STEM to visual reasoning and puzzle-solving tasks: MMMU (Yue
et al., 2024a), MMMU-Pro (Yue et al., 2024b), MathVision (Wang et al., 2024b), MathVision-Wild poto,
MathVista (Lu et al., 2023), We-Math (Qiao et al., 2024), MathVerse (Zhang et al., 2024), DynaMath (Zou
et al., 2024), Math-VR (Duan et al., 2025), LogicVista (Xiao et al., 2024), VisualPuzzles (Song et al.,
2025b), VLM are Blind (Rahmanzadehgervi et al., 2025), ZeroBench (Main/Subtasks) (Roberts et al.,
2025), and VisuLogic (Xu et al., 2025).

* General Visual Question Answering: We evaluate the models on 4 General VQA benchmarks:
MMBench-V1.1 (Liu et al., 2023b), RealWorldQA (xAlI, 2024), MMStar (Chen et al., 2024a), and Sim-
pleVQA Cheng et al. (2025).

* Subjective Experience and Instruction Following: We evaluate the model on 3 benchmarks, across
subject experience and complex instruction following: HallusionBench (Guan et al., 2023), MM-MT-
Bench (Agrawal et al., 2024), and MIA-Bench (Qian et al., 2024).

* Document Understanding: We perform comprehensive evaluation on OCR and document understand-
ing ability of Qwen3-VL series across a diverse range OCR related benchmarks: DocVQA (Mathew
et al.,, 2021b), InfoVQA (Mathew et al., 2021a), AI2D (Kembhavi et al., 2016), ChartQA (Masry et al.,
2022), OCRBench (Liu et al., 2024), OCRBench_v2 (Fu et al., 2024b), CC-OCR (Yang et al., 2024b),
OmniDocBench (Ouyang et al., 2024), CharXiv (Wang et al., 2024g), and MMLongBench-Doc (Ma et al.,
2024).

¢ 2D/3D Grounding and Spatial Understanding: We evaluate the models on 11 benchmarks include
2D grounding, 3D grounding and spatial understanding: RefCOCO/+/g (Kazemzadeh et al., 2014;
Mao et al., 2016), ODinW-13 (Li et al., 2022), CountBench (Paiss et al., 2023), ARKitScenes (Baruch
et al., 2021), Hypersim (Roberts et al., 2021), SUN RGB-D (Song et al., 2015), ERQA (Team et al.,
2025), VSIBench (Yang et al., 2025b), EmbSpatial (Du et al., 2024),RefSpatial (Zhou et al., 2025), and
RoboSpatialHome (Song et al., 2025a).

* Video Understanding: We use seven benchmarks to evaluate the model’s video understanding
capabilities: VideoMME (Fu et al., 2024a), MVBench (Li et al., 2024b), VideoMMMU (Hu et al., 2025),
MMVU (Zhao et al., 2025), LVBench (Wang et al., 2024d), MLVU (Zhou et al., 2024), Charades-STA (Gao
etal., 2017).

¢ Coding: We evaluate the model’s multi-modal coding capabilities, particularly in front-end reconstruc-
tion and SVG generation, using the Design2Code (Si et al., 2025), ChartMimic (Yang et al., 2024a), and
UniSVG (Li et al., 2025a) benchmarks.

e GUI Agent: We evaluate GUI agent capabilities using benchmarks that test both perception and
decision-making. For perception, we use ScreenSpot (Cheng et al., 2024), ScreenSpot Pro (Li et al.,
2025b), and OSWorldG (Xie et al., 2025a) to measure GUI grounding and understanding of inter-
face layouts across devices. For decision-making, we use AndroidWorld (Rawles et al., 2024) and
OSWorld (Xie et al., 2025¢;b) to evaluate interactive control, planning, and execution within real or
simulated operating environments.

¢ Text-Centric Tasks: We evaluate the models on a wide range of text-centric datasets. (1) Knowledge:
MMLU-Pro (Wang et al., 2024f), MMLU-Redux (Gema et al., 2024), GPQA (Rein et al., 2023), Su-
perGPQA (Team, 2025), (2) Reasoning: AIME-25 (AIME, 2025), HMMT-25 (HMMT, 2025), LiveBench
(2024-11-25) (White et al., 2024), (3) Code: LiveCodeBench v6 (Jain et al., 2024), CFEval, OJBench (Wang
et al., 2025c), (4) Alignment Tasks: IFEval (Zhou et al., 2023), Arena-Hard v2 (Li et al., 2024d) , Creative
Writing v3 (Paech, 2023), WritingBench (Wu et al., 2025b), (5) Agent: BFCL-v3 (Patil et al., 2024),
TAU2-Retail, TAU2-Airline, TAU2-Telecom, (6) Multilingual: MultilF (He et al., 2024), MMLU-ProX,
INCLUDE (Romanou et al., 2025), PolyMATH (Wang et al., 2025b).
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td., 2025), LA VisuLogic (Xu et a., 2025),

o JBAMBERIE : FAME 4 A VOA Hif: LIRS : MMBench-V1.1 (Liuet al., 2023b). RealWorld
QA (xAl, 2024)., MMStar (Chen et al., 2024a) F1 Sim- pleVQA Cheng et a. (2025),

o EWURIRAIHEIENE: FRAE 3 DA IR, & RIS 24752875 : HallusionBench (G
uan et d., 2023). MM-MT-Bench (Agrawal et al., 2024) 1 MIA-Bench (Qian et al., 2024),

o SCREEE: TRATH Qwen3-VL RAIAEAH OCR AHRE A HY OCR AR FERE ST 3EAT T 2T 1T
fiti, XLEFUYEMIXEIFE: DocVQA (Mathew et d., 2021b), InfoVQA (Mathew et al., 2021a), Al2D (Kemb
havi et a., 2016). ChartQA (Masry et al., 2022), OCRBench (Liu et al., 2024), OCRBench_v2 (Fuetal., 20
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), ARKitScenes (Baruch et a., 2021), Hypersim (Roberts et al., 2021), SUN RGB-D (Song et al., 2015), ERQA
(Team et al., 2025), VSIBench (Yang et a., 2025b), EmbSpatial (Du et a., 2024),Ref Spatial (Zhou et al., 2025
) #11 RoboSpatialHome (Song et al., 2025a).

o PUATEEAR: FAVEH-CNEMESRIE BRI MAEEARRE /1 . VideoMME (Fu et dl., 2024a), MVBench (Li e
t al., 2024b), VideoMMMU (Hu et al., 2025), MMV U (Zhao et a., 2025), LVBench (Wang et al., 2024d), ML
VU (Zhou et d., 2024), Charades-STA (Gao et a., 2017),

o RIGRES): TATIPAGIEAIR ZBESARERE ST, Fenl 27 aiuk B EAMISVGA AT, {3 FHDesign2Code (S
i etal., 2025), ChartMimic (Yang et al., 2024a)F1UniSVG (Li et al., 2025a) 5 #EMIR,

o GUI ARIH: AL AMRRAIFI AR BE S B RS HER PEAL GUI RIRAVRE ST, AT IA], FRATEEAH Screen
Spot (Cheng et al., 2024), ScreenSpot Pro (Li et al., 2025b) A1 OSWorldG (Xie et al., 2025a) K& GUI %
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B Evaluation Prompts

To ensure reproducibility and facilitate future research, we provide here the complete set of prompts used
to evaluate our model across all benchmarks. These prompts were consistently applied during inference
to maintain fairness and comparability.

B.1 STEM & Puzzle

MMMU

<image>

Question: {question}

Options:

{options}
kPlease select the correct answer from the options above.

J

MMMUPro_Standard

<image>

{question}

{options}

APlease select the correct answer from the options.

<image>
Identify the problem and solve it. Think step by step before answering.

MathVista | MathVision | MathVerse | LogicVista

<image>
{question}

We-Math

<image>

Now, we require you to solve a multiple-choice math question. Please briefly describe your
thought process and provide the final answer(option).

Question: {question}

Option: {options}

Regarding the format, please answer following the template below, and be sure to include
two <> symbols:
‘<Thought process>: «your thought process» <Answer>: «your option»

ZeroBench

<image>

{question}

Let’s think step by step and give the final answer in curly braces, like this: {final
answer}

AINLP
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B.1 STEM 5 #5585 1iX%

<Efg> [): {question} 3%EI7i: {options} &M PA_E &I AR E
B,

p
| _

<E%> {question} {options} i MIEITHIZEREIEHE R,

<EfG> PUIREHF R E, R ZA, 5

<El%> {qu
kestion}

<EGg> BIAE, BATEERI—IE 2 TR ERECEE, 15RI SRR B S R R RS R (R
) o [ {question} JEW: {options} XTAE, IHZMRLAPEREE, HELEIHISRTS: <B
s TERNEFEERE] <& TEIET

-
| _

<E{5> {question} IEFATT—H— DI, FHAMLIE SR/ ERZER, BIXFE: {final answer}
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DynaMath

<image>

## Question

{question}

## Answer Instruction: Please provide an answer to the question outlined above. Your
response should adhere to the following JSON format, which includes two keys: ’solution’
and ’short answer’. The ’solution’ key can contain detailed steps needed to solve the
question, and the ’short answer’ key should provide a concise response.

Example of expected JSON response format:

{

"solution”: "[Detailed step-by-step explanation]”,

"short answer”: "[Concise Answer]"

}

,
.

VLMBlind

<image>
Question: {question}

-

VisuLogic

<image>

{question}

Solve the complex visual logical reasoning problem through step-by-step reasoning.
Think about the reasoning process first and answer the question following this format:
kAnswer://boxed{$LETTER}

.

VisualPuzzles-Direct

<image>

Question: {question}

Options:

{options}

kAnswer the question with the option’s letter from the given choices directly.

-

VisualPuzzles-CoT

<image>

Question: {question}

Options:

{options}

Solve the multiple-choice question and then answer with the option letter from the given
choices. The last line of your response should be of the following format: ’Answer:
$LETTER’ (without quotes), where LETTER is one of the options. Think step by step before
kanswering.

.

B.2 GeneralVQA

MMBench | RealWorldQA | MMStar

<image>

Question: {question}

Options:

{options?}
kPlease select the correct answer from the options above.

-

SimpleVQA

<image>
{question}

-
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<image> ## [AI { question} ## A1 : 1T FIRRIBIAYE R, EHIEE N EIE LR JSON A8,
HAo RN “solution” A1 “short answer” . “solution” F8 AT DAL S AR Uk ) RELAT 7 A R4 25 B8,
“short answer” BN HRAL S IEIE, Pk ISON M pig =Rl : {"solution”: "[IE4HT 525 iR RE]", "sh
ort answer": "[IEIVER]" }

-
| u

<[E %> [A]#: {question

,
—
-

<Elf%> { question} JEIS B HEFR AR OR S 2RI AR M, B Je 8 IR AR, RIGH DL ™%
A AL Answer://boxed{ SLETTER}

-
| u

<Ef%> [F: {question} JETT: {options} B2 LAY RERIE W],

p
| _

<[E&%> Al {question} 1EI: {options} EZIEEE, SAGMNAEINETHIER— N FRHES, TRIE
BRE—1TMIEME LA RS 'Answer: SLETTER' (A#515) , H LETTER iz —, fEM%
ZHi, EEHEE,

.

B.2 General VQA

<Ef%> Al {question} JEIT: {options} 18 M DA EIEITHIEREIE
WS,

p
| _

<E%>{qu
‘estion}

-
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B.3 Alignment

HallusionBench | MM_MT_Bench | MIA-Bench

<image>
{question}

B.4 Document-Understanding

MMLongBench-Doc

<image_1>
<image_2>
<image_n>
{question}

DocVQA | InfoVQA | ChartQA_TEST

<image>
{question}
Answer the question using a single word or phrase.

AI2D

<image>

Question: {question}

Options:

{options?}
lPlease select the correct answer from the options above.

OCRBench | OCRBench_v2 | CC-OCR | CharXiv

<image>
{question}

| J

OmniDocBench

<image>

You are an AI assistant specialized in converting PDF images to Markdown format. Please
follow these instructions for the conversion:

1. Text Processing: - Accurately recognize all text content in the PDF image without
guessing or inferring. - Convert the recognized text into Markdown format. - Maintain the
original document structure, including headings, paragraphs, lists, etc.

-

2. Mathematical Formula Processing:

- Convert all mathematical formulas to LaTeX format.

- Enclose inline formulas with \( \). For example: This is an inline formula \( E = mc*2 \)
- Enclose block formulas with \[ \]. For example: \[ \frac{-b \pm \sqrt{b*2 - 4ac}}{2a} \]

3. Table Processing: - Convert tables to HTML format. - Wrap the entire table with <table>
and </table>.

4. Figure Handling: - Ignore figures in the PDF image. Do not attempt to describe or
convert images.

5. Output Format: - Ensure the output Markdown document has a clear structure with
appropriate line breaks between elements. - For complex layouts, try to maintain the

original document’s structure and format as closely as possible.

Please strictly follow these guidelines to ensure accuracy and consistency in the conversion.
Your task is to accurately convert the content of the PDF image into Markdown format without
kadding any extra explanations or comments.

.
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B.3 XI5

<image>
{question}

B.4 S H4 R

<image_1>
<image_2>

<image_n>
{question}

<[Ef&> {question} Fl—MA]BRLIE I E 7],

<Efg> [)@: {question} J%ET7: {options} &M PA_EIEIT AR E
W&,

-

<E%> {qu
keﬁion}

.

<[ %>
RE— Al IR, T THT¥ PDF BG40 Markdown #83,  1ETZHR AN d IR T 45

LSORMEHR: - WERIAG PDF EHEHIURTE SCARNE, AR TIRINEHERT, - RRBIRSOREH N Ma
rkdown 183X, - PREFIRAASCRGEEH, WSS, BOg. F1R5F,

2. BN - HITE B AR LaTeX #83  - A \(\) FEETHN AR, flan: x2—1
FTNARNE=me2\) - (A \[\] FEEH A FIan: \[ \frac{-b \pm \sgrt{ b2 - 4ac}}{2a} \]

3. RIS - RIS HTML #850, - A <table> 1 </table> f 2R FRAK,
4, BIFALFR: - 2 PDF BUGHRIE A, AEZIAF IR EE,

5. ftifga: - BfRE AT Markdown SRS B THITEVEEH, TLRZBIAESIHAT, - X TER
fiia, RERRFFIASREI SR,

TR IX LR, DAR R B R AN — 2k, IREVIE S5 /2 e POFIRH R N B S i I Mar
kdownt# 3, AAHIMEIARS MRS BERE

.
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B.5 2D/3D Grounding

RefCOCO

<image>
Locate every object that matches the description "{ref_sentence}” in the image. Report
| bbox coordinates in JSON format.

.

CountBench

<image>

Question: {question}

Options:

{options}

LPlease select the correct answer from the options above.

.

<image>
Locate every instance that belongs to the following categories: {obj_names}: Report bbox
coordinates in JSON format.

ARKitScenes | Hypersim | SUNRGBD

<image>

Locate the {class_name } in the provided image and output their positions and dimensions
using 3D bounding boxes. The results must be in the JSON format: ["bbox_3d":[x_center,
y_center, z_center, x_size, y_size, z_size, roll, pitch, yaw],"label”:"category"].

B.6 Embodied/Spatial Understanding

<image_1>
<image_2>

<image_n>
{question}

VSI-Bench

multiple-choice:

<video>

These are frames of a video.

{question}

Options:

{options?}

Answer with the option's letter from the given choices directly.

open-ended:

<video>

These are frames of a video.

{question}

Please answer the question using a single word or phrase.

\.

EmbSpatialBench

<image>
{question}
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B.5 2D/3D Grounding

<G>
FERGHREIFTE AR “{ref_sentence}” FIXFR, LA ISON #ZUIR S bbox 2L krR,

.

<E %> [F]f: {question} 1ETT: {options} 15M A FIETTFRZESRIE
B,

.

<[5
A E T LA RRAIASLH]: {obj_namests LA JSON ¥R 5 bbox 26F%.

<& {%>
TERR MR E G H e {class name}, FEH AT 3D ih FAER H ENTRIN BEFIR N, 8557002 JSON #8 7

. ["bbox_3d":[x_center, y_center, z_size, X_size, roll, pitch, yaw],"label":"category"],

B.6 E.B/2% Az

<image_1>
<image_2>

<image_n>
{question}

IR
P> XL, {question) JEWT: {options) T334 BT T
B,

FAY
<> XL EAITAIM, { question} 1 F—4N iR BR 6 15 (0] 25 [ 1

o

<Efg> {qu
estion}
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RoboSpatialHome

<image>

Locate {object_name} in this image. Output the point coordinates in JSON format.
For example:

L

{"point_2d": [x, yJ, "label”: "point_1"}

]

REGEHEGEILIS

<image>

{question} Output the point coordinates in JSON format.
For example:

L

{"point_2d": [x, yl, "label”: "point_1"}

]

B.7 Multi-Image

<image>

Question: {question}

Options:

{options}

Please select the correct answer from the options above.

MUIRBENCH

<image_1>
<text_1>
<image_2>
<text_2>

<image_n>
<text_n>
Answer with the option’s letter from the given choices directly.

-

B.8 Video Understanding

MVBench | VideoMME | MLVU | LVBench - For instruct models

<video>

Select the best answer to the following multiple-choice question based on the video.
Respond with only the letter (A, B, C, or D) of the correct option.

Question: {question} Possible answer choices:

{options}

| The best answer is:

-

MVBench | VideoMME | MLVU | LVBench - For thinking models

<video>

Select the best answer to the following multiple-choice question based on the video.
Respond with only the letter (A, B, C, or D) of the correct option.

Question: {question}

{options}

Please reason step-by-step, identify relevant visual content, analyze key timestamps and
‘clues, and then provide the final answer.

.

AINLP



<B%>, fEE G EN{object_name}, PAISONAE = risbbr, Hilan: [{"point_2d": [x,y
], "label": "point_1"}]

<image> { question} A JSON #& X f H sl An, Bl : [{"point_2
d": [x,y], "label": "point_1"}]

B.7 Z2H& 1%

<E%> A {question} 1ET: {options} 1EM A FIEITFRZESEIE
&R,

<image 1>text_1>image 2>text 2> ... <image n>text_n> B33 144 & e A
SERHAE, < <

-

B.8 AT fif:

<PWAI> ARYE AL SR DA 2 DU iR BB R, (NPAERIET R (A, B. C8(D) 1%
o IR {question} FTREMIEZIEIN: {options} RIEBFRE:

-

<P MRS A S 2 IR P iR B 2. XNPAEWNETIR 78 (A, B, CE(D) 1%, A
: {question} {options} IEZEAHER, THAMRAIMBEA R, AT RBERIIN RIBFILR, REifftRgs
£

.
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Charades-STA

<video>

Give you a textual query: {query_text}

When does the described content occur in the video?
Please return the timestamp in seconds.

VideoMMMU

Perception & Comprehension:

<video>

{question}

{options}

Please ignore the Quiz question in last frame of the video.

Adaptation-multiple-choice:

<video>

<image>

You should watch and learn the video content. Then apply what you learned to answer the
following multi-choice question. The image for this question is at the end of the video.
{question}

{options}

Adaptation-open-ended:

<video>

<image>

You should watch and learn the video content. Then apply what you learned to answer the
following open-ended question. The image for this question is at the end of the video.
{question}

\

MMVU

multiple-choice:

<video>

{question}

{options}

Visual Information: processed video

Answer the given multiple-choice question step by step. Begin by explaining your
reasoning process clearly. Conclude by stating the final answer using the following
format: "Therefore, the final answer is: $LETTER” (without quotes), where $LETTER is one
of the options. Think step by step before answering.

open-ended:

<video>

{question}

Visual Information: processed video

Answer the given question step by step. Begin by explaining your reasoning process
clearly.

Conclude by stating the final answer using the following format: "Therefore, the final
answer is: "Answer: $ANSWER" (without quotes), where $ANSWER is the final answer of the
question. Think step by step before answering.

\
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<PA>
BIR—B AW {query_text} IARHTHHRIIANALEH 4
BFIRIAZE? T DARD A B IR B BRI

JEH1 5 PR
<AIAH> { question} {options} 17 ZMEAILAT R i — i HH A8 365 ) st

SEVACE AN
<M BG> VRIIZIE H2 SIS 2o ARG I8 AR RIR SRS DA 2 IOk B, I m] i)
EMGLEMITAE, {question} {options}

&M -
<> EG> VRIZAE H - ST AR5 12 R 2 B RTROR A1 DA IT G R, )
SRR ESAEARA R, { question}

2 IR

<MAF> { question} {options} MHE(EE: EACHRIIMA B &4 7E N2 DA, B, 1EMihfE
BRORIHEEIS AR, &G, R IESRRRAERE:  “Therefore, thefinal answer is: SLETTER”  (
AE1E) , HA SLETTER Bkl —, TERIZEZH, HEBH %,

FEIERRY:

<HA> { question} MEAF R ACHE S IR B (M1 B 45 AR, 1 SET5 fE AR R VR A HE B 7,
&G, AU THRAMRRKEZE: “Therefore thefina answer is: "Answer: SANSWER" (AR5 5)
, Hr SANSWER 2RI RAE R 1ERIEZH, B,
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B.9 Perception with Tool

Your role is that of a research assistant specializing in visual information. Answer
questions about images by looking at them closely and then using research tools. Please
follow this structured thinking process and show your work.

Start an iterative loop for each question:

- *xFirst, look closely:*x Begin with a detailed description of the image, paying attention
to the user’s question. List what you can tell just by looking, and what you’ll need to
look up.

- x*Next, find information:** Use a tool to research the things you need to find out.

- xxThen, review the findings:** Carefully analyze what the tool tells you and decide on
your next action.

Continue this loop until your research is complete.

To finish, bring everything together in a clear, synthesized answer that fully responds
to the user’s question.

#Tools
You may call one or more functions to assist with the user query.

You are provided with function signatures within <tools></tools> XML tags:

<tools>

{ "type":"function”, "function”: {"name"”: "image_zoom_in_tool”, "description”: "Zoom in
on a specific region of an image by cropping it based on a bounding box (bbox) and an
optional object label”, "arguments”: {"type": "object”, "properties”: {"bbox_2d": {"type":
"array"”, "items": {"type": "number"}, "minItems”: 4, "maxItems"”: 4, "description”: "The
bounding box of the region to zoom in, as [x1, y1, x2, y2], where (x1, y1) is the
top-left corner and (x2, y2) is the bottom-right corner”}, "label”: {"type"”: "string",

"description”: "The name or label of the object in the specified bounding box"}, "img_idx":
{"type": "number”, "description”: "The index of the zoomed-in image (starting from 0)"}},
"required”: ["bbox_2d", "label”, "img_idx"13}}}

</tools>

For each function call, return a JSON object with function name and arguments within
<tool_call></tool_call> XML tags:

<tool_call>

{{"name": <function-name>, "arguments": <args-json-object>}}

</tool_call>

<image>

k{question}
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B.9 i F T HATEA]

Your role is that of a research assistant specializing in visual information. Answer
questions about images by looking at them closely and then using research tools. Please
follow this structured thinking process and show your work.

Start an iterative loop for each question:

- *xFirst, look closely:*x Begin with a detailed description of the image, paying attention
to the user’s question. List what you can tell just by looking, and what you’ll need to
look up.

- x*Next, find information:** Use a tool to research the things you need to find out.

- xxThen, review the findings:** Carefully analyze what the tool tells you and decide on
your next action.

Continue this loop until your research is complete.

To finish, bring everything together in a clear, synthesized answer that fully responds
to the user’s question.

#Tools
You may call one or more functions to assist with the user query.

You are provided with function signatures within <tools></tools> XML tags:

<tools>

{ "type":"function”, "function”: {"name"”: "image_zoom_in_tool"”, "description”: "Zoom in
on a specific region of an image by cropping it based on a bounding box (bbox) and an
optional object label”, "arguments”: {"type": "object”, "properties”: {"bbox_2d": {"type":
"array"”, "items": {"type": "number"}, "minItems”: 4, "maxItems"”: 4, "description”: "The
bounding box of the region to zoom in, as [x1, y1, x2, y2], where (x1, y1) is the
top-left corner and (x2, y2) is the bottom-right corner”}, "label”: {"type": "string",

"description”: "The name or label of the object in the specified bounding box"}, "img_idx":
{"type": "number”, "description”: "The index of the zoomed-in image (starting from 0)"}},
"required”: ["bbox_2d", "label”, "img_idx"13}}}

</tools>

For each function call, return a JSON object with function name and arguments within
<tool_call></tool_call> XML tags:

<tool_call>

{{"name": <function-name>, "arguments": <args-json-object>}}

</tool_call>

<image>

k{question}
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HRBench4K | HRBench8K

Your role is that of a research assistant specializing in visual information. Answer
questions about images by looking at them closely and then using research tools. Please
follow this structured thinking process and show your work.

Start an iterative loop for each question:

- xxFirst, look closely:** Begin with a detailed description of the image, paying attention
to the user’s question. List what you can tell just by looking, and what you’ll need to
look up.

- x*Next, find information:** Use a tool to research the things you need to find out.

- xxThen, review the findings:** Carefully analyze what the tool tells you and decide on
your next action.

Continue this loop until your research is complete.

To finish, bring everything together in a clear, synthesized answer that fully responds
to the user’s question.

#Tools
You may call one or more functions to assist with the user query.

You are provided with function signatures within <tools></tools> XML tags:

<tools>

{ "type":"function”, "function”: {"name"”: "image_zoom_in_tool”, "description”: "Zoom in
on a specific region of an image by cropping it based on a bounding box (bbox) and an
optional object label”, "arguments”: {"type": "object”, "properties”: {"bbox_2d": {"type":
"array”, "items": {"type"”: "number”"}, "minItems"”: 4, "maxItems”: 4, "description”: "The
bounding box of the region to zoom in, as [x1, y1, x2, y2], where (x1, y1) is the
top-left corner and (x2, y2) is the bottom-right corner”}, "label”: {"type": "string",
"description”: "The name or label of the object in the specified bounding box"}, "img_idx":

{"type": "number"”, "description”: "The index of the zoomed-in image (starting from 0)"}},
"required”: ["bbox_2d", "label"”, "img_idx"]1}}}
</tools>

For each function call, return a JSON object with function name and arguments within
<tool_call></tool_call> XML tags:

<tool_call>

{{"name": <function-name>, "arguments": <args-json-object>}}

</tool_call>

<image>

{question}

k{options}

B.10 Coding

Design2Code (Generation)

<image>

You are an expert web developer who specializes in HTML and CSS. A user will provide you
with a screenshot of a webpage. You need to return a single HTML file that uses HTML and
CSS to reproduce the given website. Include all CSS code in the HTML file itself. If it
involves any images, use "rick.jpg" as the placeholder. Some images on the webpage are
replaced with a blue rectangle as the placeholder, and use "rick.jpg" for those as well. Do
not hallucinate any dependencies on external files. You do not need to include JavaScript
scripts for dynamic interactions. Pay attention to things like size, text, position, and

color of all the elements, as well as the overall layout. Respond with the content of the
| HTML+CSS file:
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Your role is that of a research assistant specializing in visual information. Answer
questions about images by looking at them closely and then using research tools. Please
follow this structured thinking process and show your work.

Start an iterative loop for each question:

- xxFirst, look closely:** Begin with a detailed description of the image, paying attention
to the user’s question. List what you can tell just by looking, and what you’ll need to
look up.

- x*Next, find information:** Use a tool to research the things you need to find out.

- xxThen, review the findings:** Carefully analyze what the tool tells you and decide on
your next action.

Continue this loop until your research is complete.

To finish, bring everything together in a clear, synthesized answer that fully responds
to the user’s question.

#Tools
You may call one or more functions to assist with the user query.

You are provided with function signatures within <tools></tools> XML tags:

<tools>

{ "type":"function”, "function”: {"name": "image_zoom_in_tool”, "description”: "Zoom in
on a specific region of an image by cropping it based on a bounding box (bbox) and an
optional object label”, "arguments”: {"type": "object”, "properties”: {"bbox_2d": {"type":
"array”, "items": {"type"”: "number”"}, "minItems"”: 4, "maxItems”: 4, "description”: "The
bounding box of the region to zoom in, as [x1, y1, x2, y2], where (x1, y1) is the
top-left corner and (x2, y2) is the bottom-right corner”}, "label”: {"type"”: "string",

"description”: "The name or label of the object in the specified bounding box"}, "img_idx":
{"type": "number"”, "description”: "The index of the zoomed-in image (starting from 0)"}},
"required”: ["bbox_2d", "label"”, "img_idx"]1}}}

</tools>

For each function call, return a JSON object with function name and arguments within
<tool_call></tool_call> XML tags:

<tool_call>

{{"name": <function-name>, "arguments": <args-json-object>}}

</tool_call>

<image>

{question}

k{options}

B.10 4wig

<[&15>

RIB—4FEIE HTML F1 CSS Tk Web FFAH ., F P 2MREEEE— WM TT# R, 7REEZEIR[E—4
B HTML 2, S HTML fil CSS SREIIZS E IR, R CSS RASERELE1E HTML
XHEAEY, MR NEEAEIG, EEH rickjpg” TER SRR, W) —L EG S oh 5
FETEAE R GO, WiEHEH "rickjpg's ANEREAMTADS SN SCARIK . IRAFREASH TSR E
1 JavaScript AR, EEEMEICRNAN, XA, MNEMZE, DK F, ERE HTML+CSS
XHRINA:
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Design2Code (GPT-04-mini Evaluation)

I will give you two images. The first is the reference, and the second is generated from
the first via code rendering. Please rate their similarity from ©-100, where @ means
completely different and 100 means identical. Provide the score inside a LaTeX 7 and
briefly explain your reasoning.

<reference_image>

<generated_image>

B.11 Agent
Screenspot | Screenspot-Pro | OSWorld-G
Tools

You may call one or more functions to assist with the user query.

You are provided with function signatures within <tools>... </tools> XML tags:

<tools>{ "name":"computer_use"”, "description”: "Use a mouse to interact with a computer.
The screen’s resolution is <display_width_px>x <display_height_px>." "notes”: "Click
with the cursor tip centered on targets; avoid edges unless asked. Do not use

other tools (type, key, scroll, left_click_drag). Only left_click and mouse_move

are allowed. If you can’t find the element, terminate and report failure.”,
"parameters”:{ "type":"object"”, "required":["action"], "properties”:{ "action”:{
"type":"string", "enum”: ["mouse_move","left_click"], "description”:"The
action to perform.” 1, "coordinate":{ "type":"array", "description”:"(x,
y): pixels from left/top. Required for action=mouse_move and action=left_click.” }}}
}

</tools>

For each function call, return a JSON object with function name and arguments within <tool_call>
. </tool_call> XML tags:

<tool_call>

{{"name": <function-name>, "arguments': <args-json-object>}}

</tool_call>

Additionally, if you think the task is infeasible (e.g., the task is not related to the image), return:

<tool_call>

{"name": "computer_use", "arguments”: {"action”: "terminate"”, "status"”: "failure"}}

</tool_call>
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BAGLIRMKE . F—ikEsE R, £ sk REERMNE R AR, EEN eI S
, JUEIM 0% 100, HH 0 RRZEEARE, 100 RoRsZeME, EE LaTeX A5, FEH 2R
PRAGFEE, O

<SHE G K E B>

B.11 fXHH

TH

RR] DAY F — DA R ECR A B P &8, /RTE <tools> . . . </tools> XML FR&EHERTSE T B
254 <tools> { "name":"computer_use", "description”: " ARG T BEARZ H, FEDPERN <di
splay_width_px>x <display_height_px>, " "notes': " i ifiltl, YEFRASUmRAL T BEARHL; @ RIN%%,
IRAE R A BN, AEMFHEMTE (type. key. scroll, left_click drag) » H 14 left_click 1 mou
se move, WIERIRAZIEE, KILFRERK, ", "parameters':{ "type":"object", "required":["action"],
"properties’:{ "action":{ "type":"string", "enum":["mouse_move" "left_click"], "description”:" B H I THIZN
£, "}, "coordinate:{ "type":"array", "description":"(x, y): MZE/ ARG, action=mouse move il
action=left_click &%, "} } } }</tools> Xt T PMeREOR M, 1RE—/ ISON M5, HrhfSmEs
A%, £ F <tool_call> . . . </tool_cal> XML #r%EH: <tool_call> {{"name": <function-name>, "ar
guments": <args-json-object>}} </tool_call> HAk, SRIRIANNESARTT (BN, £5%55EIBIExR)
, WBRE: <tool_call> {"name": "computer_use", "arguments': {"action": "terminate", "status': "failure”
}} </tool_call>
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