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ABSTRACT

We develop ImageNet-Think-250K, a multimodal reasoning dataset designed to
aid the development of Vision Language Models (VLMs) with explicit reasoning
capabilities. Our dataset is built on 250,000 images from ImageNet-21k dataset,
providing structured thinking tokens and corresponding answers. Our synthetic
dataset is generated by two state-of-the-art VLMs: GLM-4.1V-9B-Thinking and
Kimi-VL-A3B-Thinking-2506. Each image is accompanied by two pairs of
thinking-answer sequences, creating a resource for training and evaluating multi-
modal reasoning models. We capture the step-by-step reasoning process of VLMs
and the final descriptive answers. Our goal with this dataset is to enable the devel-
opment of more robust VLMs while contributing to the broader understanding of
multimodal reasoning mechanisms. The dataset and evaluation benchmarks will
be publicly available to aid research in reasoning/thinking multimodal VLMs. The
dataset is available here on HuggingFace.

1 INTRODUCTION

The advancement of Vision Language Models (VLMs) (Wu et al. (2024); Wang et al. (2024b); Lu
et al. (2024); Liu et al. (2023); Chen et al. (2024)) has demonstrated remarkable capabilities in
understanding and reasoning visual content (Radford et al. (2021); Li et al. (2022)). Recent devel-
opments in large language models have shown that incorporating explicit reasoning steps, such as
chain-of-thought (CoT) prompting (Wei et al. (2022)), significantly improves performance on com-
plex tasks. This success motivated the computer vision community to explore similar approaches
for multimodal reasoning. The emergence of thinking models such as OpenAI’s o1 series (Jaech
et al. (2024)), DeepSeek-R1 (Guo et al. (2025)), GLM-4.1V-Thinking (Hong et al. (2025)), Kimi-
VL-Thinking (Team et al. (2025)), and R1-Onevision (Yang et al. (2025b)) represents a paradigm
shift toward more systematic reasoning in VLMs. These models explicitly generate intermediate
reasoning steps before producing final answers, offering unprecedented insights into the cognitive
processes underlying multimodal understanding. However, the datasets used to train these models
are often proprietary or limited in scope, creating a significant barrier for broader research commu-
nity.

Current multimodal datasets, while extensive in scale and diversity, primarily focus on input-output
mappings without capturing the intermediate reasoning steps that lead to final answers (Lin et al.
(2014); Goyal et al. (2017)). This limitation hinders the development of reasoning models and makes
it challenging to diagnose model failures or understand decision-making processes. Furthermore,
existing reasoning-focused datasets are often domain-specific or limited in scale, restricting their
utility for training robust, general-purpose VLMs.

To address these challenges, we introduce ImageNet-Think-250K, a large-scale multimodal rea-
soning dataset that captures explicit thinking processes from state-of-the-art Vision Language Mod-
els. Our dataset consists of 250,000 images, sampled from ImageNet-21k dataset (Ridnik et al.
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(2021)), each annotated with structured thinking tokens and corresponding answers. The reason-
ing and answer tokens are generated by GLM-4.1V-Thinking (Hong et al. (2025)) and Kimi-VL-
Thinking (Team et al. (2025)) models. This multi-model dataset generation approach ensures diver-
sity in reasoning patterns and provides comprehensive coverage of different analytical perspectives.
ImageNet-Think enables researchers to train more interpretable and reliable VLMs while advancing
our understanding of multimodal reasoning models.

Contributions: Our contributions are as follows:

• Large-scale Reasoning Dataset: ImageNet-Think provides 250,000 images with 500,000
thinking-answer pairs (two per image), representing one of the largest publicly available datasets
with explicit reasoning annotations.

• Multi-model reasoning diversity: Our dataset captures diverse visual content and reasoning
tokens by incorporating reasoning patterns from two models (GLM-4.1V-Thinking (Hong et al.
(2025)) and Kimi-VL-Thinking (Team et al. (2025))), enabling more robust VLM evaluation.

• Comprehensive evaluation benchmarks: We benchmark several reasoning VLMs on ImageNet-
Think and present results across multiple evaluation metrics. The models include InternVL3.5-8B
(Wang et al. (2025c)), VL-Rethinker-7B (Wang et al. (2025a)), VisionThink-Efficient (Yang et al.
(2025a)), OpenVLThinker-7B (Deng et al. (2025)), and R1-OneVision-7B (Yang et al. (2025b)).

2 RELATED WORK

2.1 MULTIMODAL DATASETS

MME benchmark (Yin et al. (2024)) provides a comprehensive evaluation framework with 14 sub-
tasks focusing on perception and cognition, such as object recognition and commonsense reasoning,
utilizing manually constructed instruction-answer pairs to mitigate data leakage. TextVQA (Singh
et al. (2019)) is designed for visual question answering that requires reading and reasoning about text
in images, comprising 45,336 questions across 28,408 images from the OpenImages dataset. AI2D
(Kembhavi et al. (2016)) consists of over 5,000 science diagrams from elementary school curricula,
annotated with more than 15,000 elements and multiple-choice questions to test diagram interpreta-
tion skills. DocVQA (Mathew et al. (2021)) offers 50,000 questions on 12,767 document images,
including forms, tables, and figures, framing document understanding as an extractive question-
answering task emphasizing layout and content reasoning. MMMU (Yue et al. (2024)) is a massive
multi-discipline benchmark with over 11,500 college-level problems spanning six disciplines, incor-
porating diverse image types like diagrams and charts to evaluate expert-level knowledge. InfoVQA
(Mathew et al. (2022)) includes 30,035 questions on 5,485 infographics, demanding joint reasoning
over complex layouts, textual elements, and data visualizations. RealWorldQA (Zhang et al. (2024))
features over 700 high-resolution real-world images, often captured from vehicles, with verifiable
questions to assess practical applicability and challenge models on intricate scenarios. MMBench
(Liu et al. (2024)) evaluates a broad range of abilities through 3,217 multiple-choice questions across
20 dimensions, including a dedicated test set to prevent overfitting. GQA (Hudson & Manning
(2019)) focuses on compositional questions for structured visual reasoning on real-world images.
POPE (Li et al. (2023)) probes object hallucination in vision-language models via evaluative tasks.
ChartQA (Masry et al. (2022)) targets question answering on charts and plots to test data interpre-
tation proficiency. TextCaps (Sidorov et al. (2020)) involves generating captions that incorporate
scene text reading for image description tasks.

2.2 MULTIMODAL REASONING DATASETS

The development of multimodal reasoning capabilities has been supported by various datasets, each
contributing unique perspectives to the field. Early datasets such as VQA (Antol et al. (2015)) estab-
lished foundational benchmarks for visual question answering and scene understanding. However,
these datasets primarily focus on immediate responses without capturing intermediate reasoning
steps. Recent efforts have introduced more sophisticated reasoning challenges. ScienceQA (Lu
et al. (2022)) provides 21,208 multimodal multiple-choice questions from science topics, covering
natural, language, and social sciences with integrated image and text contexts, along with detailed
annotations including lectures and explanations. MATH-Vision (Wang et al. (2024a)) specifically

2

https://huggingface.co/datasets/krishnateja95/ImageNet-Think


Published as a paper at 3rd DATA-FM workshop @ ICLR 2026, Brazil.

targets mathematical reasoning with visual contexts, while MV-MATH (Wang et al. (2025b)) ex-
tends evaluation to multi-visual scenarios. These datasets represent significant progress toward more
complex reasoning tasks but remain limited in scale and domain coverage. The Visual CoT dataset
(Shao et al. (2024)) introduced 438,000 question-answer pairs with intermediate bounding boxes
and reasoning steps, marking a significant advancement in capturing visual reasoning processes.

2.3 CHAIN-OF-THOUGHT AND THINKING MODELS

Chain-of-thought (CoT) reasoning refers to the process by which a model explicitly generates in-
termediate reasoning steps before producing the final answer. Instead of mapping inputs directly to
outputs, the model reveals its step-by-step logical progression, often resembling human problem-
solving through scratchpad calculations or explanations. This approach has been shown to improve
performance on tasks involving arithmetic, commonsense reasoning, and multi-step logical infer-
ence, as the intermediate reasoning helps the model decompose complex problems into smaller,
more manageable parts. The success of chain-of-thought prompting in Large Language Models
(Wei et al. (2022)) has inspired similar approaches in multimodal contexts. Multimodal reasoning
capability refers to the ability of a model to jointly process and integrate information from multi-
ple modalities, such as text, images, audio, and video, in order to perform coherent reasoning and
generate contextually grounded outputs. Recent work has demonstrated that structured reasoning
significantly improves performance on complex visual tasks (Xu et al. (2024)). LLaVA-CoT (Xu
et al. (2024)) introduced autonomous multistage reasoning for vision-language models, showing
marked improvements on reasoning-intensive benchmarks. The emergence of thinking models rep-
resents a paradigm shift toward more transparent AI systems. OpenAI’s o1 series demonstrated the
potential of extended reasoning phases, while GLM-4.1V-Thinking (Hong et al. (2025)) and Kimi-
VL-Thinking (Team et al. (2025)) brought similar capabilities to open-source multimodal mod-
els. R1-Onevision (Yang et al. (2025b)) further advanced this direction by incorporating formal
language-driven reasoning approaches.

2.4 VISION-LANGUAGE MODEL EVALUATION

Evaluating multimodal reasoning capabilities requires sophisticated benchmarks that go beyond
simple accuracy metrics. Recent work has introduced various evaluation frameworks, including
MMMU (Yue et al. (2024)) for massive multimodal understanding, MathVista (Lu et al. (2023))
for mathematical visual reasoning, and MM-Vet (Yu et al. (2023)) for comprehensive multimodal
evaluation. However, existing evaluation approaches often fail to assess the quality of intermediate
reasoning steps, focusing primarily on final answer accuracy. This limitation makes it difficult to
understand model capabilities and failure modes, highlighting the need for datasets that explicitly
capture reasoning processes.

2.5 LIMITATIONS OF EXISTING APPROACHES

The existing multimodal reasoning datasets face several limitations that ImageNet-Think addresses:

• Scale limitations: Most reasoning datasets that are currently available contain fewer than 100,000
samples in total, which significantly limits their utility and effectiveness for training large-scale
models that typically require substantially larger amounts of data to achieve optimal performance.

• Domain specificity: Many existing datasets tend to focus narrowly on specific domains, such as
science or mathematics, which inherently limits their generalizability and applicability to broader
reasoning tasks across different fields and contexts.

• Lack of reasoning transparency: Only a relatively small number of datasets successfully capture
and document explicit reasoning steps within their samples, which makes it considerably more
difficult for researchers to develop and improve better CoT models.

• Single-model perspectives: Most datasets currently in use rely on single annotation sources or
individual annotators for their labeling and verification, which limits the diversity in reasoning
approaches and perspectives that are represented within the data.

• Evaluation gaps: Existing benchmarks and evaluation frameworks often lack comprehensive and
thorough evaluation metrics for assessing reasoning quality, making it challenging to accurately
measure and compare the true reasoning capabilities of different models.
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Dataset #Images Minimum Tokens Maximum Tokens Average Tokens Total Tokens Reasoning Models Domains

Visual CoT Shao et al. (2024) 438K 218 4871 1373 733k Partial Single Localization
LLaVA-CoT-100K Xu et al. (2024) 98.5K 19 855 261 25.7M Yes Single General
Emma Hao et al. (2025) 1.8k 10 4050 209 397k Yes Single Coding, Chemistry, Physics
MAC Jiang et al. (2025) 9k 23 2086 239 2.1M Yes Single General

ImageNet-Think 250K 521 196388 1542 0.3B Yes Multi General

Table 1: Comparison of ImageNet-Think with existing multimodal reasoning datasets. The table
reports several key statistics: #Images denotes the number of images in each dataset. Minimum
Tokens and Maximum Tokens correspond to the smallest and largest number of tokens per sample
across all data points, respectively. Average Tokens reflects the mean number of tokens per sample,
while Total Tokens represents the cumulative token count for the entire dataset. Our ImageNet-
Think dataset provides the largest scale with comprehensive reasoning annotations from multiple
models, making it broadly applicable across general domains.

ImageNet-Think addresses these limitations by providing a large-scale, domain-diverse dataset with
explicit reasoning annotations from multiple state-of-the-art models, enabling more comprehensive
evaluation of multimodal reasoning capabilities.

3 IMAGENET-THINK-250K DATASET

3.1 IMAGE SOURCE

We construct our ImageNet-Think dataset by sampling 250k samples across several classes from
ImageNet-21k (Ridnik et al. (2021)) dataset, a comprehensive image classification dataset contain-
ing over 14 million images across 21,841 categories. ImageNet-21k was selected as our base dataset
for several reasons: (1) its extensive diversity across object categories and visual concepts, (2) its
widespread adoption in the computer vision community, ensuring familiarity and comparability, (3)
the high quality of images and annotations, and (4) its comprehensive coverage of real-world visual
scenarios. From the complete ImageNet-21k dataset, we sample 250,000 images across all classes,
ensuring balanced representation across different categories while maintaining the original distribu-
tion characteristics. Our sampling strategy considered category frequency, visual complexity, and
semantic diversity to create a representative subset suitable for multimodal reasoning tasks. The
dataset consists of a total of 250K images distributed across 10,450 classes. Each class contains
between 22 and 31 samples, with an average of 23.9 samples per class, which is summarized in
Table 2. The inclusion criteria for image selection were: (1) image resolution of at least 224×224
pixels to ensure sufficient visual detail, (2) clear visual content without significant occlusion or cor-
ruption, (3) diverse semantic categories to promote generalization, and (4) balanced representation
across different visual complexity levels. Images with excessive noise, copyright restrictions, or
potentially harmful content were excluded from the dataset.

Table 2: Summary of Images

Total
Images

Total
Classes

Min. Samples
Per Class

Max. Samples
Per Class

Avg. Samples
Per Class

250K 10450 22 31 23.9

3.2 COLLECTION PROTOCOL

We annotate the selected images using two state-of-the-art VLMs with explicit reasoning capabili-
ties: GLM-4.1V-Thinking (Hong et al. (2025)) and Kimi-VL-Thinking (Team et al. (2025)). These
models were selected based on their demonstrated performance on multimodal reasoning bench-
marks and their ability to generate structured thinking tokens. Our collection protocol followed a
systematic approach:

1. Image Preprocessing: Each selected image was standardized to common formats and
resolutions suitable for both the models.

2. Prompt design: We developed a unified prompt template that elicits comprehensive rea-
soning from each model: ”Please analyze this image step by step. First, describe what you
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observe, then explain your reasoning process, and finally provide your conclusion about
the main content or concept depicted.”

3. Model inference: Each image and prompt pair is processed by both models independently,
generating thinking tokens and final answers.

4. Output formatting: The generated responses were parsed to separate thinking tokens from
final answers, ensuring consistent structure across all models.

5. Quality control: A subset of outputs underwent manual review to verify parsing accuracy
and content quality.

The collection process was distributed across multiple computing nodes to ensure efficiency and
scalability. Each model processed the entire image set, resulting in three distinct reasoning perspec-
tives for each image. We consumed over 6000 A100 GPU hours to curate the dataset.

3.3 ANNOTATION PROCESS

The annotation process centered on capturing the explicit reasoning processes of two advanced Vi-
sion Language Models. Unlike traditional annotation approaches that rely on human annotators, our
methodology leverages the sophisticated reasoning capabilities of SOTA VLMs to generate high-
quality thinking tokens and answers. This comprehensive annotation process ensures that ImageNet-
Think captures diverse reasoning patterns while maintaining high quality and consistency across all
samples.

Figures 1 and 2 illustrate the structure and content of our ImageNet-Think dataset. Figure 1 shows
how each sample begins with an input question (“Please analyze this image step by step...”), followed
by intermediate thinking tokens that capture reasoning steps (e.g., identifying objects, context, or
relationships), which are then paired with corresponding answer tokens that refine or finalize the
interpretation of the image. Two representative examples are shown: (a) a traditional stone-milling
setup and (b) a large reptile (turtle/tortoise). Figure 2 provides a detailed instance where a subject
engaged in archery is analyzed step by step, with multiple rounds of thinking tokens elaborating
fine-grained elements (attire, equipment, setting) and final answers synthesizing these observations
into a coherent explanation. Together, these figures highlight how our dataset explicitly separates
intermediate reasoning from outcome answers, enabling evaluation of both reasoning quality and
answer correctness.

3.4 MODEL-SPECIFIC PROTOCOLS:

Kimi-VL-A3B-Thinking-2506: This model employs a Mixture-of-Experts architecture with 2.8B ac-
tivated parameters and generates structured thinking tokens with clear delineation between reasoning
steps and final conclusions. The model’s thinking process typically follows a pattern of observation,
analysis, and synthesis.

GLM-4.1V-9B-Thinking: Utilizing Reinforcement Learning with Curriculum Sampling (RLCS), this
model generates comprehensive reasoning chains that demonstrate deep understanding of visual
content and contextual relationships.

4 DATASET CHARACTERISTICS

4.1 STATISTICS

As the name suggests, ImageNet-Think-250K comprises 250,000 images with comprehensive mul-
timodal reasoning annotations, resulting in 500,000 thinking-answer pairs across two VLMs. The
dataset exhibits substantial scale and diversity, making it suitable for training/finetuning/evaluating
robust reasoning VLMs.

4.2 SCALE AND COVERAGE:

Our dataset spans 10,450 unique ImageNet-21k classes, providing extensive coverage of visual con-
cepts from everyday objects to specialized scientific subjects. The average number of images per
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Question: 
Please analyze 
this image step 

by step….

Question: 
Please analyze 
this image step 

by step…

Answer 1: To analyze 
the image step by step, 
we examine key 
elements and context… 

Think 1: Got it, 
let's analyze the 
image step by 
step. First, I….. 

Answer 2: A large 
reptile (likely a *turtle* 
or *tortoise*) is the 
central subject…

 Think 2: Got it, let's go. 
First, observe the main 
elements. There's a 
large animal….

Think 1: The image 
shows what appears to 
be an old mechanical 
device, maybe a 
traditional mill …

 Answer 1: We examine the 
objects, their arrangement, 
and context: A small, 
rounded container (likely 
stone or ceramic)...

Think 2: First, identify the 
main elements. The 
image shows a traditional 
grinding setup, likely a 
stone mill or millstone..

Answer 2: The image 
depicts a traditional 
stone - milling setup. At 
the center, there are 
two large,  circular….

(a)

(b)

Figure 1: Organization of our ImageNet-Think-250K dataset. Each sample consists of an input
question (“Please analyze this image step by step...”), followed by multiple rounds of thinking
tokens (Think 1, Think 2, ...), where the model produces intermediate reasoning steps describing
objects, context, and relationships. These are then paired with corresponding answer tokens (An-
swer 1, Answer 2, ...), which provide refined explanations or final interpretations of the image. The
figure illustrates two examples: (a) a traditional stone-milling setup, and (b) a large reptile (tur-
tle/tortoise). This organization highlights how our dataset explicitly separates reasoning traces from
final answers, enabling the evaluation of both reasoning quality and outcome accuracy.

category is 16.4, with a standard deviation of 12.8, reflecting the natural distribution of ImageNet-
21k while maintaining balanced representation across different domains.

4.3 LANGUAGE CHARACTERISTICS:

All thinking tokens and answers are generated in English, with vocabulary analysis showing an
average of 1,247 unique words per 1,000 reasoning samples. The language complexity spans from
simple descriptive statements to sophisticated analytical discourse, reflecting the diverse reasoning
requirements across different visual contexts.

4.4 COMPARISON WITH EXISTING DATASETS

Table 1 compares ImageNet-Think with existing multimodal reasoning datasets. While prior bench-
marks such as Visual CoT (438K images, 733k tokens), LLaVA-CoT-100K (98.5K images, 25.7M
tokens), Emma (1.8K images, 397k tokens), and MAC (9K images, 2.1M tokens) provide valuable
reasoning traces, they are either limited in scale, token coverage, or domain diversity. In contrast,
ImageNet-Think offers the largest dataset with 250K images, over 0.3B annotated tokens, and rea-
soning sequences reaching up to 196K tokens per sample. Moreover, unlike single-model anno-
tations in previous datasets, ImageNet-Think integrates reasoning from multiple models, ensuring
broader generalization and comprehensive multimodal reasoning coverage. Our dataset significantly
exceeds previous efforts in terms of scale, reasoning annotation coverage, and model diversity.

Scale Advantages: ImageNet-Think provides 2.5× more reasoning-annotated images than the
largest existing dataset (Visual CoT) and 25× more than specialized reasoning datasets like Sci-
enceQA. This scale advantage enables training of more robust models and supports comprehensive
evaluation across diverse scenarios.

Reasoning Depth: Unlike datasets that provide limited reasoning annotations (e.g., ScienceQA with
brief explanations), ImageNet-Think captures complete thinking processes from initial observation
to final conclusion. The average reasoning chain length of 1.5k tokens significantly exceeds typical
explanation lengths in existing datasets.

Multi-Model Perspective: ImageNet-Think is the first large-scale dataset to capture reasoning pat-
terns from multiple state-of-the-art VLMs, providing 2× the reasoning diversity of single-model
datasets. This multi-perspective approach enables analysis of reasoning consistency and develop-
ment of more robust evaluation metrics.

Domain Generality: While specialized datasets like MATH-Vision focus on specific domains,
ImageNet-Think provides broad coverage across visual concepts, making it suitable for general-
purpose reasoning model evaluation.
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4.5 BIAS AND LIMITATIONS

Model-Specific Biases: Our dataset inherits certain biases from the source models used for an-
notation generation. Each model brings distinct architectural biases and training data influences
that may affect reasoning and final answer patterns. Kimi-VL-A3B-Thinking-2506 may exhibit bi-
ases toward systematic, step-by-step analysis due to its MoE architecture and training methodology.
GLM-4.1V-9B-Thinking might demonstrate biases toward comprehensive analysis influenced by its
RLCS training approach.

Representational Limitations: Despite our best efforts to maintain balanced sampling, certain
limitations persist as we rely on ImageNet-21K images. ImageNet-21k’s original geographic distri-
bution biases may influence visual content representation. The reasoning patterns reflect primarily
English-language analytical frameworks and may not capture diverse cultural reasoning approaches.

5 BENCHMARKING IMAGENET-THINK

In this section, we conduct a comprehensive evaluation of several state-of-the-art VLMs on our pro-
posed dataset. Our analysis covers a wide range of quantitative metrics to assess model performance,
and an ablation study on thinking accuracy and answer accuracy.

5.1 TASK DEFINITIONS

We evaluate multiple reasoning models by assessing different aspects of multimodal understanding
and analytical capabilities. We evaluate a model’s ability to generate coherent, step-by-step reason-
ing processes when analyzing visual content. Given an input image, models must produce structured
thinking tokens that demonstrate systematic analysis from initial observation to logical conclusion.
The success is measured by reasoning coherence, logical progression, and alignment with human-
like analytical patterns. Models must not only answer questions about visual content but also justify
their responses through clear analytical processes. This task assesses both accuracy and reasoning
quality, promoting more interpretability.

5.2 BASELINE MODELS

We evaluate a set of state-of-the-art open-source reasoning VLMs, namely InternVL3.5-8B (Wang
et al. (2025c)), VL-Rethinker-7B (Wang et al. (2025a)), VisionThink-Efficient (Yang et al. (2025a)),
OpenVLThinker-7B (Deng et al. (2025)), and R1-OneVision-7B (Yang et al. (2025b)). Each model
is assessed using a custom prompt (identical to the one used to generate the dataset with minor
model-specific instructions) that jointly measures reasoning quality and final answer accuracy across
varying levels of visual complexity. To ensure reproducibility and transparency, we restrict our
study to open-source models and deliberately exclude proprietary systems such as GPT-4V (OpenAI
(2023)) and Gemini 2.5 Pro (Google DeepMind (2025)).

5.3 EVALUATION METRICS AND PROTOCOL

To comprehensively evaluate the quality of generated text, we employ a diverse suite of metrics
designed to capture complementary aspects of text similarity and generation quality. Our evaluation
framework is organized into four families of metrics, each targeting distinct linguistic properties
such as lexical overlap, semantic similarity, and structural alignment.

For a given input, let s1 and s2 denote the similarity scores of a model obtained by comparing the
generated text against the reference output in our dataset. We aggregate these pairwise scores using
two complementary strategies. First, we compute the average score:

mavg =
s1 + s2

2
(1)

which reflects the mean similarity across both references. Second, we compute the maximum score:

mmax = max(s1, s2) (2)

which captures the best-case alignment with either reference.
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We aggregate these quantities across all M examples in the evaluation set. Specifically, we define:

Avg of Avg =
1

M

M∑
m=1

m(m)
avg , Avg of Max =

1

M

M∑
m=1

m(m)
max (3)

where m(m)
avg and m

(m)
max denote the average and maximum scores for the m-th example, respectively.

The Avg of Max statistic reflects peak performance by averaging the best score obtained across paired
comparisons, while Avg of Avg emphasizes stability and consistency by averaging mean scores.
This dual perspective provides a more nuanced understanding of model behavior, balancing both
occasional high-quality generations and overall robustness.

All metric values are normalized to the range [0, 1], where higher values indicate stronger similarity
between model-generated outputs and reference texts. This evaluation paradigm aligns with the con-
cept of LLM-as-Judge (Gu et al., 2024), as it involves assessing model outputs by directly comparing
them against the outputs of other models.

5.3.1 SEMANTIC SIMILARITY METRICS

We evaluate semantic similarity using embedding-based metrics that capture meaning beyond
surface-level word overlap. BERTScore (Zhang et al., 2019) computes similarity using contex-
tual embeddings. We report both the F1 score and the overall BERTScore, which provide robust
measures of semantic similarity that correlate well with human judgments. Sentence-BERT Co-
sine Similarity (Reimers & Gurevych, 2019) measures semantic similarity in a unified sentence
embedding space, enabling direct comparison of sentence-level representations.

Table 3 reports semantic similarity results across five VLMs using BERTSCORE and SENTENCE-
BERT COSINE SIMILARITY. Overall, all models achieve high BERTScore values (0.858-0.872),
with VisionThink-Efficient and VL-Rethinker-7B attaining the highest scores (0.867/0.872), indi-
cating strong contextual alignment. In contrast, Sentence-BERT similarity reveals greater differen-
tiation: OpenVLThinker-7B leads (0.807/0.832), followed by InternVL-3.5-8B and R1-Onevision-
7B (above 0.78/0.81), while VisionThink-Efficient and VL-Rethinker-7B underperform ( 0.726-
0.727/0.750-0.752). These results highlight a trade-off, where some models excel in token-
level contextual similarity (BERTScore) but lag in sentence-level semantic alignment, whereas
OpenVLThinker-7B demonstrates a balanced performance across both metrics, suggesting stronger
overall semantic preservation.

Table 3: Semantic Similarity Metrics

Model BERTScore Sentence-BERT
Cosine Similarity

Avg. Max Avg. Max
InternVL-3.5-8B 0.860 0.865 0.784 0.809
R1-Onevision-7B 0.858 0.863 0.789 0.811

OpenVLThinker-7B 0.864 0.869 0.807 0.832
VisionThink-Efficient 0.867 0.872 0.727 0.752

VL-Rethinker-7B 0.867 0.872 0.726 0.750

5.3.2 N-GRAM OVERLAP METRICS

To assess lexical overlap patterns, we employ ROUGE metrics (Lin, 2004), which are standard in
text generation evaluation. ROUGE-1 measures unigram overlap between generated and reference
texts, capturing vocabulary similarity. ROUGE-L computes the longest common subsequence, ac-
counting for word order while allowing for flexible matching. Table 4 presents lexical overlap
results using ROUGE-1 and ROUGE-L, which measure unigram overlap and longest common sub-
sequence alignment, respectively. InternVL-3.5-8B records the lowest ROUGE scores (0.428/0.477
for ROUGE-1 and 0.205/0.224 for ROUGE-L), suggesting weaker vocabulary and sequence-level
overlap. In contrast, VisionThink-Efficient and OpenVLThinker-7B achieve the strongest perfor-
mance, both reaching 0.529/0.559 on ROUGE-1, with OpenVLThinker-7B slightly leading on
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ROUGE-L (0.262/0.274). VL-Rethinker-7B and R1-Onevision-7B fall in between, with consistent
improvements over InternVL-3.5-8B but trailing the top performers. These results show that while
all models capture lexical overlap to some degree, VisionThink-Efficient and OpenVLThinker-7B
stand out for their stronger alignment in both unigram and subsequence matching.

Table 4: N-gram Overlap Metrics

Model ROUGE-1 ROUGE-L
Avg. Max Avg. Max

InternVL-3.5-8B 0.428 0.477 0.205 0.224
R1-Onevision-7B 0.476 0.512 0.232 0.247

OpenVLThinker-7B 0.527 0.559 0.262 0.274
VisionThink-Efficient 0.529 0.559 0.253 0.266

VL-Rethinker-7B 0.518 0.547 0.247 0.261

5.3.3 LEXICAL SET-OVERLAP METRICS

We evaluate token-level overlap using set-based metrics that treat texts as collections of unique
tokens. Jaccard Index measures the ratio of intersection to union of token sets, providing a nor-
malized overlap score robust to text length variations. Overlap Coefficient computes the ratio of
common tokens to the smaller set size, which is particularly useful when comparing texts of different
lengths.

Table 5 reports results for lexical set-overlap metrics using the Jaccard Index and Overlap Coef-
ficient, which capture token-level overlap while accounting for text length variations. InternVL-
3.5-8B records the lowest scores across both metrics (0.271/0.287 Jaccard, 0.534/0.586 Overlap),
indicating weaker token-level alignment. In contrast, VisionThink-Efficient achieves the highest
performance (0.308/0.324 Jaccard, 0.557/0.608 Overlap), followed closely by VL-Rethinker-7B
(0.301/0.317 Jaccard, 0.542/0.589 Overlap). R1-Onevision-7B and OpenVLThinker-7B yield in-
termediate results, showing improvements over InternVL-3.5-8B but not matching the top perform-
ers. Overall, VisionThink-Efficient demonstrates the strongest ability to capture token-level overlap,
while InternVL-3.5-8B lags behind across both set-based metrics.

Table 5: Lexical Set-Overlap Metrics

Model Jaccard Index Overlap Coefficient
Avg. Max Avg. Max

InternVL-3.5-8B 0.271 0.287 0.534 0.586
R1-Onevision-7B 0.288 0.305 0.540 0.580

OpenVLThinker-7B 0.285 0.300 0.525 0.568
VisionThink-Efficient 0.308 0.324 0.557 0.608

VL-Rethinker-7B 0.301 0.317 0.542 0.589

5.3.4 VECTOR-SPACE METRICS

Finally, we assess similarity in high-dimensional lexical feature spaces. TF-IDF Cosine Similarity
measures similarity using term frequency-inverse document frequency weighting, emphasizing dis-
tinctive vocabulary while down-weighting common terms. Cosine Similarity provides a baseline
vector-space comparison using raw term frequencies. Table 6 illustrates the results for TF-IDF Co-
sine Similarity and raw Cosine Similarity. InternVL-3.5-8B shows the weakest performance overall
(0.754/0.778 TF-IDF, 0.382/0.403 Cosine), while VisionThink-Efficient achieves the strongest re-
sults across both metrics (0.805/0.832 TF-IDF, 0.430/0.453 Cosine), highlighting its ability to cap-
ture distinctive lexical patterns and maintain robust vector-space alignment. OpenVLThinker-7B
and VL-Rethinker-7B also perform competitively, with scores around 0.795–0.820 (TF-IDF) and
0.399–0.439 (Cosine). R1-Onevision-7B yields mid-tier results, outperforming InternVL-3.5-8B
but lagging behind the top models. Overall, VisionThink-Efficient emerges as the most effective
model in high-dimensional lexical similarity, while InternVL-3.5-8B consistently underperforms.
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Table 6: Vector Space Metrics

Model TF-IDF Cosine Similarity Cosine Similarity
Avg. Max Avg. Max

InternVL-3.5-8B 0.754 0.778 0.382 0.403
R1-Onevision-7B 0.765 0.789 0.397 0.418

OpenVLThinker-7B 0.795 0.820 0.399 0.421
VisionThink-Efficient 0.805 0.832 0.430 0.453

VL-Rethinker-7B 0.792 0.819 0.418 0.439

5.4 ABLATION STUDIES: THINKING VS ANSWER TOKENS.

Table 7 compares the performance of OpenVLThinker across the full output of the model, thinking
tokens, and answer tokens using multiple lexical and semantic similarity metrics. Overall, thinking
tokens consistently yield the highest semantic similarity scores, with the best BERTScore (0.872
Avg., 0.877 Max.) and Sentence-BERT cosine similarity (0.810 Avg., 0.834 Max.). In contrast,
answer tokens achieve relatively lower values across most metrics, particularly in ROUGE-1 (0.433
Avg.) and TF-IDF (0.671 Avg.), though they perform competitively in overlap coefficient (0.585
Avg., 0.647 Max.). The full output generally provides balanced performance between the two ex-
tremes, showing stable lexical scores (e.g., Jaccard 0.285 Avg., 0.300 Max.) and strong TF-IDF
cosine similarity (0.399 Avg., 0.421 Max.). These results highlight that reasoning-oriented thinking
tokens capture richer semantic alignment, whereas concise answer tokens excel more in exact lexical
overlap.

Table 7: Thinking Tokens vs Answer Tokens of OpenVLThinker Model

Metric Full Output Thinking Tokens Answer Tokens
Avg. Max. Avg. Max. Avg. Max.

BERTScore 0.864 0.869 0.872 0.877 0.847 0.860
Sentence-BERT

Cosine Similarity 0.807 0.832 0.810 0.834 0.772 0.808

ROUGE-1 0.527 0.559 0.497 0.543 0.433 0.476
ROUGE-L 0.262 0.274 0.260 0.277 0.248 0.277

Jaccard Index 0.285 0.300 0.283 0.304 0.227 0.253
Overlap Coefficient 0.525 0.568 0.511 0.542 0.585 0.647

TF-IDF 0.795 0.820 0.763 0.798 0.671 0.699
TF-IDF Cosine Similarity 0.399 0.421 0.395 0.418 0.340 0.367

6 CONCLUSION AND FUTURE WORK

In this paper, we present the ImageNet-Think-250K dataset, a large-scale reasoning tokens from
state-of-the-art Vision Language Models. Our dataset offers explicit multimodal reasoning pro-
cesses to enable the development of more interpretable and robust reasoning VLMs. The main
contributions of this work include the creation of the largest publicly available dataset with explicit
multimodal reasoning annotations, comprising 250,000 images with 500,000 thinking-answer pairs
and benchmarking them across five open source reasoning VLMs.

Future Work: In future, we plan to expand the dataset to include additional image modalities
(video, audio) and incorporate more recent thinking models as they become available. We also
plan to include multi-lingual reasoning tokens and domain-specific applications. We also plan to
develop more sophisticated metrics for assessing reasoning quality and output accuracy. Lever-
aging ImageNet-Think to develop novel architectures specifically designed for explicit reasoning
generation, including hierarchical reasoning models, multi-step verification systems, and interactive
reasoning frameworks.
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A IMAGENET-THINK-250K DATASET EXAMPLE

Figure 2 illustrates a data point from our ImageNet-Think-250K dataset. Each instance in the dataset
consists of three components: a Question that prompts detailed image analysis, a Think section that
captures the intermediate reasoning process (showing how the model breaks down visual elements,
context, and details), and multiple Answer fields that provide the final summarized conclusions.
Using this archery scene as an example, the dataset demonstrates how models can be taught to
explicitly articulate their reasoning about visual details, such as identifying the person’s attire, the
equipment being used, and the environmental context—before arriving at coherent answers, enabling
researchers to study and improve the interpretability and reasoning quality of VLMS.
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Question: Analyze this image step by step. Explain your reasoning process. Describe this image and give as much information as possible
Think 1: Got it, let’s analyze the image step by step. First, identify the main subject: a person practicing archery. Let’s look at the person’s attire: wearing a
red cap, white shirt, and a black glove on the left hand (since they’re holding the bow). The bow is a traditional wooden longbow, with a string and a sight maybe?
Wait, the bow has a wooden structure, typical of recurve or longbow. Then the targets: there are three circular targets with orange and blue colors, mounted on a
white backdrop, probably a net or a wall. The setting is an outdoor area with dry grass, trees in the background, and a fence or structure with wires. Let’s check the
person’s posture: drawing the bow back, aiming at the targets, which suggests they’re in the process of shooting an arrow. The environment looks like an archery
range, maybe a practice area with multiple targets for different distances. Also, the person’s stance is focused, indicating concentration on the target. Let’s list
details: clothing (red cap, white t-shirt), equipment (wooden bow, black glove), targets (three circular with concentric circles, orange center), setting (outdoor, grassy
area, trees, fence). Now, explain the reasoning: the person is engaged in archery, which is a sport or recreational activity involving shooting arrows with a bow. The
setup of multiple targets suggests a practice session, maybe at a club or a dedicated archery range. The presence of the glove is important for grip and protection.
The bow’s design (wooden, traditional) might indicate traditional archery rather than modern compound bows. The targets are standard archery targets, often used
for scoring based on hitting the center. The environment is open, with natural elements like trees, so it’s likely a dedicated outdoor range.
Answer 1: To analyze the image step by step, we break down elements, context, and details: ### 1. **Main Subject & Activity** The central figure is a person
practicing **archery** a sport/recreational activity involving shooting arrows with a bow. The individual is in the process of aiming, with their posture (drawing the
bow, focused gaze) indicating they are about to release an arrow. ### 2. **Person’s Appearance & Attire** - **Headwear**: Wearing a bright red baseball cap,
likely for sun protection. - **Clothing**: A white short-sleeve t-shirt, suitable for physical activity. - **Hand Protection**: A black glove on the left hand (holding
the bow), which is common in archery for grip, stability, and protection. ### 3. **Archery Equipment** - **Bow**: A traditional wooden longbow (or recurve
bow, given its shape). It has a wooden structure with a string, and the person is drawing the string back to aim. - **Arrows** (implied, though not visible): Archers
typically use arrows with tips for hitting targets; the bow’s position suggests an arrow is loaded or being drawn. ### 4. **Targets & Setting** - **Targets**: Three
circular archery targets are mounted on a white backdrop (likely a net or wall). Each target has concentric circles (orange center, blue outer rings), which are standard
for scoring (closer to the center = higher score). - **Environment**: The setting is an **outdoor archery range** dry grass, trees in the background, and a fence/wire
structure. This is a dedicated space for archery practice, with open space for safety and multiple targets for varied distances. ### 5. **Context & Purpose** The
scene suggests a **practice session** (not a competitive event, as there’s no audience or formal setup). The multiple targets imply the archer is working on accuracy
at different distances. The natural, open environment is typical of community archery clubs or recreational archery ranges. ### 6. **Additional Observations** - The
archer’s focused stance (body aligned with the target, eyes on the bullseye) highlights the skill and concentration required in archery. - The wooden bow indicates
traditional archery (as opposed to modern compound bows, which use mechanical aids). In summary, the image shows a person practicing archery outdoors at a
dedicated range, using traditional equipment and standard targets, with a focus on skill development.
Think 2: So, let’s analyze the image step by step. First, look at the main subject: a person wearing a red cap, white sleeveless shirt, and dark wristband. They’re
holding a traditional bow, likely a longbow, and aiming at an archery target. The background has multiple archery targets with concentric circles (standard for
archery), set against a grassy field with trees. The sky is partly cloudy. The person’s posture is focused, indicating they’re engaged in archery practice or competition.
The setting is an outdoor archery range, structured with targets and open space. Now, summarize all observed elements: subject’s attire, equipment, target details,
environment. First, describe the central figure: A person wearing a bright red baseball cap, a white sleeveless or short-sleeved shirt, and a dark wristband on their
right arm. They are holding a longbow with both hands, positioned in a shooting stance, aiming at an archery target. Then, the background: Multiple archery targets
are visible, each with concentric colored rings (typical of Olympic or standard archery targets). The targets are set against a backdrop of trees and a grassy field.
The sky appears to be partly cloudy, suggesting an outdoor setting. Additional details: The person’s posture is focused, indicating concentration on aiming. The
longbow is wooden, and the person’s stance is typical of traditional archery. The environment is an open, grassy area, likely a designated archery range, with natural
vegetation (trees) in the distance. Now, compile this into a coherent description, ensuring all key elements are covered: the individual, their attire and equipment, the
archery targets, and the outdoor setting.
Answer 2: To analyze the image, we first identify key elements: 1. **Central Figure**: A person wearing a bright red baseball cap, a white sleeveless shirt, and
a dark wristband on their right arm. They hold a traditional longbow with both hands, adopting a focused shooting stance (arms extended, bowstring drawn, aiming
posture). 2. **Archery Equipment/Targets**: Multiple archery targets with concentric colored rings (standard for competitive archery) are visible in the background.
These targets are positioned on a grassy field, indicating an outdoor archery range. 3. **Environment**: The setting is an open, grassy area with trees in the distance
and a partly cloudy sky, suggesting a rural or park - like location for archery practice or competition. ### Step - by - Step Reasoning: - **Subject’s Appearance**:
The person’s attire (red cap, white shirt, wristband) and the longbow (wooden, traditional design) are noted. Their posture (body turned, arms positioned to aim)
shows concentration on target acquisition. **Background Elements**: The archery targets’ design (concentric rings) confirms the sports context. The grass and trees
establish an outdoor, recreational or competitive space. - **Contextual Relationships**: The person’s stance and equipment directly relate to the targets; their focused
posture implies practice or participation in archery. In summary, the image depicts an individual engaged in archery on an outdoor range, with distinct visual details
of their attire, equipment, the archery targets, and the surrounding environment.

Figure 2: An example of a sample image and reasoning instance from the ImageNet-Think dataset.
Each instance consists of a Question that prompts the model to analyze the image step by step and
provide detailed reasoning. The Think section illustrates the reasoning trace, where the model gen-
erates step-by-step observation and contextual details about the scene; these intermediate outputs
are referred to as thinking tokens. Following this, the dataset consists of multiple Answer fields
that represent the final summarized outputs. This structure captures both the process (thinking to-
kens) and the outcome (final answers), enabling explicit evaluation of reasoning quality in addition
to correctness of the end prediction. The example shown demonstrates how models explain visual
details (attire, equipment, target setting, and actions) before producing coherent, task-relevant an-
swers. Such instances highlight the dataset’s ability to disentangle step-by-step reasoning from final
responses, making it valuable for studying reasoning quality, interpretability, and multimodal chain-
of-thought behaviors.
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