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Abstract

Recent advances in vision-language models (VLMs) have
made them highly effective at reasoning tasks. However,
the principles underlying the construction of performant VL
reasoning training datasets remain poorly understood. In
this work, we introduce several data curation approaches
and study their impacts on VL reasoning capabilities by
carefully controlling training and evaluation setups. We
analyze the effects of context (image and question pair)
sources, implement targeted data interventions, and explore
scaling up images, questions, and chain-of-thought (CoT)
solutions. Our findings reveal that (a) context source strate-
gies significantly affect VLM performance, (b) interventions
such as auxiliary signals from image captions and the in-
clusion of text-only reasoning yield substantial gains, and
(c) scaling all data dimensions (e.g., unique questions per
image and unique CoTs per image-question pair) consis-
tently improves reasoning capability. Motivated by these
insights, we introduce HONEYBEE, a large-scale, high-
quality CoT reasoning dataset with 2.5M examples consist-
ing 350K image-question pairs. VLMs trained with HON-
EYBEE outperform state-of-the-art models across model
sizes. For instance, a HONEYBEE-trained VLM with 3B pa-
rameters outperforms the SOTA model and the base model
by 7.8% and 24.8%, respectively, on MathVerse. Further-
more, we propose a test-time scaling strategy that reduces
decoding cost by 73% without sacrificing accuracy. Over-
all, this work presents improved strategies for VL reasoning
dataset curation research.1

1. Introduction
Solving reasoning problems, such as those involving math-
ematics in visual contexts, is a crucial capability for AI
models, powering many real-world applications such as vi-
sual data analysis [39, 42], education [5], and scientific

*Work done at Meta.
1Data is available at https://huggingface.co/datasets/

facebook/HoneyBee.

discovery [61]. Recent vision-language models (VLMs),
such as GPT-4o [22], o3 [47], Gemini-2.5 [13], Llama-4
[44] achieve strong VL reasoning performance by training
their pretrained models on high-quality synthetic chain-of-
thought (CoT) data [75]. In particular, the ability to gen-
erate CoTs (e.g., step-by-step solution) during problem-
solving enable VLMs to utilize additional inference-time
computation before providing the final answer [19, 27, 69].
Yet, the multimodal CoT datasets and their recipes used for
training state-of-the-art VLMs are often proprietary, leaving
several open questions about their design space.

Several prior works have shown that supervised finetun-
ing (SFT) with the quality of CoT data is crucial for LLM
(text-only) reasoning performance [6, 18, 46, 58], and also
serves as a key foundation for subsequent RL training [35].
However, there is a major gap in our understanding of how
high-quality CoT datasets are constructed for VL reason-
ing, where a model needs to integrate information from
several modalities (visual content in images and text con-
tent in questions) to provide accurate answers. Specifically,
prior work on VL reasoning does not explore the breadth
of design choices and suffers from several challenges.
Firstly, the impact of context (image and question pairs)
from diverse data sources remains unclear. For instance,
Math-LLaVA [53] and LLaVA-CoT [71] curate different
data distributions from existing image QA datasets and em-
ploy their own custom CoT generation strategies. Thus, it is
uncertain how much of the reasoning performance of mod-
els trained on these datasets can be attributed to the quality
of the context. Secondly, prior work [9, 20, 32] suggests
that targeted data interventions—such as visual perturba-
tions and difficulty filtering—can enhance model percep-
tion and problem-solving. However, there has been limited
exploration of other interventions that could further improve
data quality. Thirdly, while scaling up the training data is
known to enhance reasoning performance [18], it remains
unclear whether VL reasoning data should be scaled along
specific axes such as the number of questions per image,
and the number of CoTs per (image, question) pair.

Importantly, there is a lack of fair and robust compar-
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Figure 1. Summary of the results. (a) We show that training with increasing amounts of our curated HONEYBEE data leads to consistent
accuracy improvements averaged across five VL reasoning tasks (MathVista, MathVerse, MathVision, MMMU-Pro, and We-Math) for
several model sizes (1B to 8B). (b) We report the relative gains achieved by training HONEYBEE with PLM-3B compared to existing VL
reasoning CoT datasets containing 250K–300K VL instances.

isons between diverse design decisions. For fairness, the di-
rect effect of a design choice should be measured by fixing
the training setups (e.g., SFT starting from identical mod-
els) and the evaluation protocol. For robustness, models
should be trained at multiple scales (such as 3B and 8B)
and evaluated on a collection of datasets rather than a sin-
gle dataset. To address these critical questions in VL rea-
soning data design, we adopt a comprehensive and scalable
approach to identify the key factors in dataset curation (Fig-
ure 5). This effort culminates in the creation of HONEY-
BEE, a high-quality and one of the largest VL reasoning
datasets, comprising 2.5M examples.

In our data curation process, we first study the impact
of diverse contexts (i.e., image and question pairs) acquired
from several VL reasoning datasets and rank them based on
the performance of multiple VLMs (i.e., 3B and 8B mod-
els) on a battery of evaluation datasets. Interestingly, we
observe that the choice of source datasets can lead to signif-
icant differences in model performance, with up to a 4%
difference in average accuracy across evaluation datasets
(§3.1). In the next stage, we create a list of data en-
hancement strategies, including visual perturbation, text-
rich images, perceptual redundancy, shallow perception,
caption-and-solve, text-only reasoning, increased distrac-
tors, length and difficulty filtering, applied on top of the
best-performing dataset from the previous stage (Figure 2).
Our experiments show that several data interventions fail to
outperform the baseline dataset, highlighting their limited
practical value despite strong motivations. Importantly, we

reveal that auxiliary signals from image captions (caption-
and-solve) and augmenting the VL reasoning data with text-
only reasoning data lead to major improvements across di-
verse benchmarks (§5.2). In our experiments, we find that
model performance improves with scaling all dimensions
(images, questions, and CoTs) in the reasoning data (§5.3).

Motivated by these findings, we construct the HONEY-
BEE dataset, and train VLMs of several sizes (1B–8B)
on the HONEYBEE dataset. We show that reasoning
performance strongly scales with the amount of training
data and outperforms existing state-of-the-art instruction-
tuned VLMs, indicating at the quality and scalability of
our dataset (§5.4). In particular, PLM-HONEYBEE-1B
achieves a relative performance improvement of 28 per-
centage points (pp) over InternVL-3-1B-Instruct, averaged
across ten evaluation datasets (Table 1). Furthermore, PLM-
HONEYBEE-3B and PLM-HONEYBEE-8B achieve relative
gains of 8.4pp and 2.7pp over Qwen2.5-VL-3B-Instruct and
Qwen2.5-VL-8B-Instruct, respectively. Ultimately, we also
propose an efficient decoding strategy for test-time scaling
that enables the generation of multiple solutions from the
HONEYBEE-trained VL reasoners, using 73% fewer infer-
ence tokens without any loss in performance (§ 5.5). Our
experiments yield insightful findings that lay the foundation
for curating the next generation of VL reasoning datasets.

2. Preliminaries

In this work, we focus on the curation of high-quality, large-
scale synthetic data to enable strong vision-language rea-
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soning capabilities. Let D = {(Ij , Qj , Aj)}Nj=1 denote the
source vision-language reasoning dataset of size N , where
each entry consists of an image Ij , a corresponding ques-
tion Qj , and an optional final answer Aj .2 Further, let G
be a synthetic data generator that outputs a textual chain-
of-thought (CoT) to solve the questions about the images in
D, such that Cj = G(Ij , Qj). In particular, the CoT Cj is
composed of several reasoning steps, including step-by-step
solutions, planning, self-verification, and self-reflection be-
haviors [57], denoted as Sj . This is followed by a pre-
dicted final answer Pj to the given question about the im-
age. Thus, Cj = [Sj ;Pj ], where ; denotes concatenation in
the raw text space. Thus, We represent the synthetic data as
DG = {(Ij , Qj , Cj , Aj)}Nj=1.

Given synthetic data, we train a VLM (pθ), using a su-
pervised finetuning objective: E(Ij ,Qj ,Cj)∈DG [log pθ(Cj |
Ij , Qj)], i.e., maximizing the probability of the problem-
solving CoT given the image and question as context. Post-
training, the VLM will perform step-by-step reasoning be-
fore generating its predicted answer, thus utilizing addi-
tional test-time compute [69]. Overall, the goal of high-
quality synthetic data is to train performant VL reasoners
that can solve novel problems from diverse downstream
tasks such as geometry, function plots, and charts [39].
In this work, we focus on the paradigm of training on
smaller VLMs on synthetic data from larger generator mod-
els. This approach is more compute-efficient, more popular
[6, 18, 30, 53], and allows for comprehensive training runs
on diverse synthetic data distributions. In practice, pθ can
be a weaker VLM reasoner than the generator [53], a setup
commonly referred to as knowledge distillation [21], where
a strong teacher guides a weak student. Alternatively, the
generator itself can be used as the student, a process known
as self-improvement [54]. Prior research has also explored
training a stronger reasoner with data from a weaker one,
referred to as weak-to-strong reasoning [4, 8, 72].

3. Data Curation Pipeline
We outline our vision-language reasoning data curation
pipeline (Appendix Figure 5), which consists of multiple
stages: (a) context curation, which assesses the im-
pact of diverse context (image, question) data sources, as
well as their mixing (§3.1); (b) data interventions,
which aim to enhance perception and problem-solving
skills to enable strong VL reasoning capabilities (§3.2); and
(c) scaling, which studies the impact of scaling diverse
components of the reasoning data (§3.3).

3.1. Context Curation
The quality of context i.e., image, question pair, is crucial
for determining the reasoning skills imparted to the VL rea-

2When there is no final answer, we can set Aj = ϕ.

soner [18]. For instance, a VL reasoner exposed to diverse
geometric images and questions will excel in downstream
geometry problem-solving [77]. In this work, we consider
two stages of context curation: (a) sourcing, where we an-
alyze the direct effect of the contexts (image, question pair)
in individual datasets on training performant VL reasoners,
and (b) mixing, where we combine the strengths of the top-
performing data sources. Specifically, we mix the data from
the top-2, top-4, and all data from the previous stage. We
provide more details in Appendix 8.

3.2. Data Interventions

Starting with the best data mixture, we assess whether its
quality can be further enhanced through targeted data in-
terventions (Figure2). Specifically, these interventions aim
to improve particular skills of the VL reasoner, including
perception and problem-solving capabilities. Enhanced per-
ception is crucial for robust visual understanding of image
content within the model’s context. Furthermore, strong
problem-solving ability is essential for accurate calcula-
tions, planning, and reflection when addressing complex
questions. The data intervention strategies can affect the
original VL CoT reasoning data in various ways, including
replacement[41], augmentation[3], and filtering[16].3

Perception Enhancement. We briefly outline various
data interventions for enhancing the perception of the VL
reasoner: (a) visual perturbation, where we create a per-
turbed version of the original image (rotation, distractor
concatenation, dominance-preserving mixup) in the rea-
soning dataset to enhance the perceptual robustness of the
VLM[32]; (b) text-rich images, where we aim to improve
the model’s ability to integrate textual information within
images[63] by programmatically embedding the question
and original image on a blank background of varying col-
ors to generate new images; (c) perceptual redundancy,
where we filter the original synthetic dataset by removing
instances where the generator model leads to the correct fi-
nal answer without access to the image, encouraging greater
reliance on visual inputs; (d) shallow perception, where
we filter the original dataset to remove instances where the
generator model leads to the correct final answer with ac-
cess to the question and image caption but not the image;
and (e) caption and solve, where we enhance the visual
understanding capabilities of the VL reasoner by providing
auxiliary visual signals from the image caption generated
by the model. We provide more details in Appendix 9.

3The replacement strategy swaps some or all of the original data with
higher-quality versions, keeping the dataset size unchanged. Augmenta-
tion increases data by adding transformed or external examples. Filtering
removes low-quality instances based on set rules or classifiers.
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Question:
Answer the
question in
the image.

Solution: ...Tuesday: 39 minutes\n- Wednesday:
33 minutes\n- Thursday: 43 minutes\n- Friday: 42
minutes\n- Saturday: 41
minutes...\\boxed{Thursday}

Text-Rich Images

Question:
How many
objects are
purple in
color?

Solution: <caption> The image presents
variously shaped objects such as sphere...
</caption> <think>there are two objects that
appear to be purple: one is a small cube and the
other is a large cylinder..</think>\\boxed{2}

Caption and Solve

Question:
How many
times does
the y value
decrease as
x increases
by 1?

Solution: ...From $x = 12$ to $x = 13$, $y$
decreases from 17 to 13, From $x = 13$ to $x =
14$, $x$ increases by 1, and $y$ decreases from
13 to 9... answer is: \\boxed{2}

Visual Perturbation

Question: In Rt△ABC,
∠ACB＝90°, D is the
midpoint of AB, AB＝10,
then the length of CD is
()

Blind Model Solution       Recall that in a right-
angled triangle, the median to the hypotenuse is
half the length of the hypotenuse. Hence, answer
is \\boxed{5}.

Perceptual Redundancy

Question: What is the
perimeter of the
rectangle?

Blind Model With Image Captions Solution    
 Perimeter of rectange=2*l*b. Hence, answer in
ft^2 is \\boxed{36}.

Shallow Perception

Caption: ...a rectangle with l=6ft and b=3ft.

Question: What is the
value of the smallest bar in
the whole chart?
A. 20.    B. 40
C. 5.      D. 30
E. 0.      F. 10
G. 5.      H. 60
I. 15.      J. 25

Solution: ...For paint: rise = 20, tube = 10, future
= 20...For death: rise = 60, tube = 70, future =
70\n- For ship: rise = 40, tube = 30, future =
30\n\.., the answer is 10 \\boxed{F}

Increased Distractors Difficulty

Text-Only Reasoning Data

Question: Let $h(x)$ be a function that
satisfies $h(h(x)) = x + 1$ for all $x > 0.$
Given that $h(3) = 7,$ find the value of $h(10).

Solution: Apply the functional equation with
$x = 3$: h(7)=4 ... Use the value h(7) = 4 to
get h(4) = 8. Recursive application of
functional equation yields: h(8) =
5...h(5)=9...h(9) = 6....h(h(9)) = 9 + 1 =
10...h(6)=10...h(h(6)) = 6 + 1 = 7 => h(10) = 7
the answer is \\boxed{7}.

Easy Hard Easy Hard

Uniform
DifficultyOriginal

Length

Short Long Long

Long CoTsOriginal

Figure 2. Overview of data intervention strategies. In this work, we curate a diverse set of data interventions to enhance the quality of
VL reasoning CoT data. These methods target a range of skills, such as perception and problem-solving capabilities. We present details
for each intervention in §3.2.

Problem-Solving Skill Enhancement. We briefly out-
line various data interventions for enhancing the problem-
solving skills of the VL reasoner: (a) text-only reason-
ing, where we enhance problem-solving skills by expos-
ing the VLM to novel problems and solutions from a high-
performing text-only reasoning dataset [18]; (b) increased
distractors, where we transform the original questions to
have ten options and modify the original CoT accordingly
to enhance the robustness of the VL reasoner; (c) length,
where we split the original data into two halves based on
the length of the CoT, and train on the longer half to en-
courage the VL reasoner to utilize additional inference-time
compute by generating longer CoTs; and (d) difficulty,
where we filter the dataset to ensure that the representation
for each difficulty level is roughly balanced, increasing the
overall challenge of our dataset (more details in App. 10).

3.3. Scaling Diverse Data Axes

There has been limited exploration of the impact of scaling
data for VL reasoning. In addition, the introduction of a
new modality (image) in VL space adds a new dimension to

scaling training data. Hence, we study the impact of scaling
diverse axes on the reasoning capabilities of the VLM: (a)
scaling images, where we create three additional subsets
of the original dataset, each of increasing size, resulting in
four datasets in total: [DN/8,DN/4,DN/2,DN ].4 (b) scal-
ing questions, where we prompt the question generator to
create new questions that are reasonable, solvable, and of
similar difficulty to the original questions, conditioned on
the image and question[59]; and (c) scaling CoTs, where
we study the impact of increasing the number of CoT traces
for a given image and question pair in the reasoning dataset.
We present details about the scaling pipeline in App. 16.

4. Experimental Setup
Training Data. We use six source datasets: ViRL
[64], Math-LLaVA [53], R1-OneVision [73],
ThinkLite-VL-Hard [67], LLaVA-CoT [71], and
MMK12 [43]. We cap the number of instances at 50K to

4Here, DN/8 indicates that we randomly select N/8 instances from the
original dataset. As we increase the data size, we are effectively scaling the
number of unique images in the dataset.
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focus on the impact of data quality in our data curation
experiments. We then perform decontamination to remove
any identical images from the evaluation datasets using
exact deduplication with the pHash algorithm. We cap the
number of instances at 50K to focus on the impact of data
quality in our data curation experiments.

Generator Model. We fix the CoT generator model to a
performant VLM, Llama4-Scout [44]. Specifically, it
is an open-weights model consisting of 109B total parame-
ters, of which 17B are active. This model enables efficient
inference on a single A100 node using vLLM [62].

Models. We train the 3B and 8B Perception Language
Models (PLMs) [12] for all data curation experiments.
PLMs cannot generate vision-language CoTs, due to lack
of appropriate instruction data. Thus, they serve as good
base models that can be converted into VL reasoners with
high-quality reasoning CoT data.

Evaluation. For our data curation experiments, we
choose five VL reasoning downstream tasks as validation
datasets for hill-climbing. These include MathVerse
(testmini, vision-only subset) [76] containing 788 exam-
ples; MathVista (testmini) [39] containing 1000 exam-
ples; MathVision (testmini) [65] containing 304 exam-
ples; MMMU-Pro (vision) [74] containing 1730 examples,
and We-Math (testmini) [50] consisting of 1740 exam-
ples focused on diverse knowledge granularity. Overall, we
track the accuracy score averaged over these five evaluation
datasets and two model trainings (PLM-3B and PLM-8B)
during the data curation process. After the creation of our fi-
nal HONEYBEE dataset, we also evaluate them on five more
unseen evaluation datasets including DynaMath [80] and
LogicVista [70]. Further, we evaluate the visual per-
ception capabilities on HallusionBench [17]. In addi-
tion, we evaluate the general-purpose reasoning capabilities
of a VLM on text-only reasoning datasets including math-
centric MATH500 [33] and science-centric GPQA [51].5

5. Experiments
5.1. Impact of Context Curation
Sourcing. We present results for training PLM-3B and
PLM-8B on reasoning data constructed using diverse con-
text sources in Table 2. Specifically, we compute the av-
erage performance across five VL reasoning datasets and
rank the context sources from highest to lowest accuracy.
Our experiments reveal that the choice of context source

5To ensure consistency, we use accuracy as the scoring metric and an
identical prompt, instructing the model to always answer in boxed format,
across all evaluations. Further, we use greedy decoding with maximum
generation length of 2048 across all the evaluation datasets.

has a significant impact on downstream VL reasoning per-
formance. Specifically, we observe a relative gap of 11.4
percentage points (pp) between the average performance of
the lowest (MMK12, 36.0%) and highest performing source
datasets (ViRL, 40.1%). This highlights the choice of con-
text source has a significant impact on downstream VL rea-
soning performance.

Mixing. We next assess the impact of mixing contexts
from different data sources. To this end, we combine ex-
amples from the previous stage for the top-2, top-4, and all
source datasets, and select a random subset of size 50K.
The results of training PLM-3B and PLM-8B on these mix-
tures are presented in Appendix Table 7. Interestingly, we
find that mixing data from diverse sources does not improve
the performance over the best-performing dataset, ViRL.
This suggests that the heterogeneous distributions of these
datasets may introduce conflicting biases, ultimately de-
grading the performance of mixed data.

5.2. Impact of Data Interventions
Starting from the best data from the previous stage, we note
the impact of several data intervention experiments on VL
reasoning capabilities in Appendix Table 3. Specifically,
we target the strategies at improving the perception and
problem-solving capabilities of the VLMs.6

We find that the best-performing data interven-
tion for enhanced perception is the caption and solve
strategy, which provides auxiliary visual signals about
the image description in the reasoning CoT data
(i.e., <caption> description </caption>
solution answer ). Specifically, this approach rela-
tively improves the average accuracy by 3.3pp. In addition,
we observe that the best-performing data intervention for
enhanced problem-solving is the inclusion of text-only
reasoning data in the training mixture. In particular, we
observe a relative accuracy improvement of 7.5pp over the
original dataset across multiple VL reasoning tasks and
training runs. Further, we study the impact of text-only
reasoning data on general-purpose reasoning datasets,
MATH500, in Appendix 11.

5.3. Scaling to Million Samples
Scaling Trends Across Data Axes. To synthesize large-
scale data, we study the scaling behavior of the best-
performing dataset, ViRL, including the number of unique
images, the number of questions per image, and the num-
ber of CoTs per (image, question) pair. We present the

6We present the results for the best-performing configuration for the in-
terventions. For instance, we experiment with diverse ways of implement-
ing caption and solve method, and show the results for the best-performing
variant.
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1B model scale
PLM-1B [12] 25.9 17.8 48.6 15.1 15.8 35.5 30.3 23.0 50.3 15.2 7.1
InternVL-2.5-1B [11] 27.6 18.7 44.2 16.4 16.2 38.7 29.3 20.5 51.6 27.8 12.1
InternVL-3-1B-Instruct [78] 28.3 18.0 35.0 13.2 16.2 37.5 28.5 21.9 56.0 37.8 19.2
PLM-HoneyBee-1B 36.2 29.4 53.7 23.0 18.8 50.6 39.3 28.6 56.1 36.8 25.8
3B-4B model scale
PLM-3B [12] 33.8 18.0 57.2 16.1 19.5 46.1 37.0 33.5 61.1 30.4 18.7
InternVL-2.5-4B [11] 41.5 28.7 61.8 24.7 31.1 55.6 40.7 32.1 65.5 49.4 25.3
Qwen2.5-VL-3B-Instruct [2] 42.6 35.0 58.9 23.7 29.8 49.2 42.5 36.6 66.0 62.0 22.7
PLM-HoneyBee-3B 46.2 42.8 61.2 29.9 28.4 59.3 51.9 36.6 65.0 59.4 27.7
7B-8B model scale
PLM-8B [12] 34.6 19.3 59.3 17.1 20.5 47.9 36.7 30.8 64.0 34.0 16.2
InternVL-2.5-8B [11] 41.4 27.3 61.5 21.4 32.0 56.6 41.9 26.6 63.8 57.0 26.3
InternVL-3-8B-Instruct [78] 45.1 35.3 61.8 19.4 35.8 55.7 51.2 36.2 65.5 69.6 20.2
Qwen2.5-VL-7B-Instruct [2] 48.5 42.0 67.5 27.6 37.1 61.1 51.3 39.9 67.4 64.8 26.3
PLM-HoneyBee-8B 49.8 43.0 68.2 26.3 33.8 66.1 53.3 41.3 68.8 63.6 33.3

Table 1. Performance of VL reasoners trained with HONEYBEE data. We compare the accuracy of PLMs trained with the HONEYBEE

data on diverse downstream evaluation datasets. We find that models trained on HONEYBEE achieve best-in-class performance across
model sizes. Task-specific subsets or splits are indicated in brackets ‘()’. Datasets that were unseen during the data curation process are
marked with *, and text-only reasoning datasets are marked with ‡.

Dataset Avg. PLM-3B PLM-8B

ViRL 40.1 38.8 41.3
MathLLaVA 37.7 36.3 39.2
R1-Vision 37.3 35.7 38.8
ThinkLite 37.1 34.6 39.5
LLaVA-CoT 36.3 34.6 37.9
MMK12 36.0 34.6 37.3

Table 2. Ranking the quality of the context from diverse
datasets. We train PLM-3B and PLM-8B on diverse source
datasets. Then, we rank them in descending order (left to right)
based on their average performance on VL reasoning downstream
tasks. We present the detailed results in Appendix Table 6.

results for accuracy averaged across the validation down-
stream datasets in Figure 3. Interestingly, we find that the
performance of the VL reasoners improves with scaling in
images, new questions, and CoTs across model trainings of
both PLM-3B and PLM-8B.

Putting Everything Together. Firstly, we include all the
real data in the ViRL datasets, which consists 39K (image,
question, and final answer) tuples. Since the amount of real
data is limited, we scale the data by generating several CoTs

Method Skill Average

Original Data - 40.1
Perception Enhancement
Caption and Solve Auxiliary Signal 41.4
Visual Perturb Robustness 38.5
Text-Rich Images Synthetic Images 38.8
Perceptual Redundancy Feasibility wo/ image 36.5
Shallow Perception Feasibility w/ caption 35.6
Problem-solving Enhancement
Text-Only Data Cross-modal transfer 43.1
Increased Distractors Robustness 34.6
Length Long Thinking 36.4
Uniform Difficulty Hardness 34.6

Table 3. Results for data intervention experiments. We compare
the performance of VL reasoners trained on datasets created using
diverse data interventions. We find that augmenting the original
CoT with image captions (caption and solve), and mixing with
text-only reasoning data improves VL reasoning performance. The
detailed results are presented in Appendix Table 8.

for all (image, question) pairs, and synthetically creating
new questions (Appendix Figure 6). Specifically, we gener-
ate 16 CoTs per real image and existing question pair (scal-
ing CoTs). To retain the highest quality data, we filter out
CoTs that do not lead to the correct final answer, leading to
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Figure 3. Impact of scaling diverse data axes in VL reasoning data. We train PLM-3B and PLM-8B on datasets of varying sizes (setup
explained in §3.3). The results show that the reasoning performance consistently improves as we scale each data axis: (a) images, (b)
synthetic questions per image, and (c) CoTs per (image, question) pair.

Statistic Number (in K)
Total instances 2480
Number VL instances 1440
Number Text-Only instances 1040
Number Unique images 28
Number Unique questions 350
Avg. question length (words) 0.057
Avg. CoT length (words) 0.601

Table 4. HONEYBEE statistics.

roughly 400K instances. To scale up the dataset, we gen-
erate 14 new questions per image, resulting in 15 questions
per image in total (scaling questions). Since the final an-
swers are unavailable for the newly generated questions, we
instead produce 4 chains of thought (CoTs) per question and
apply majority voting (an answer appearing three or more
times) to approximate the final answer [49]. We then re-
tain only those CoTs whose predicted answer matches this
proxy final answer, yielding approximately 1M instances in
the scaling questions setting. In parallel, we generate image
captions for all images in the source datasets. Following the
caption and solve strategy, we combine the (image, ques-
tion, solution CoT) tuples from the scaling CoTs and ques-
tions pipelines with the image captions to construct (im-
age, question, (image caption, solution CoT)) tuples. This
process results in the construction of the VL subset of the
HONEYBEE dataset, consisting of 1.5M instances. We then
merge this subset with the text-only reasoning data, consist-
ing of 1M instances, to obtain a high-quality, large-scale
final HONEYBEE dataset of size 2.5M.

Dataset Statistics. We present the dataset statistics in
Figure 4. We highlight that HONEYBEE contains 28K
unique images and 350K unique questions. The average
length of CoTs (image caption and solution CoT combined)

is approximately 600 words (780 tokens). We also highlight
the occurrence of reasoning actions [14] in Appendix 13.

5.4. Training VL Reasoners with HONEYBEE

HONEYBEE elicits strong reasoning. Here, we assess
the performance of PLMs of different sizes (1B, 3B, 8B)
trained on the entire 2.5M HONEYBEE dataset. We also
compare them against several high-performing VLMs ca-
pable of generating CoTs to solve VL reasoning tasks (Ta-
ble 1). We find that VL reasoners trained with HONEYBEE
achieve the highest average accuracy across all model size
categories. In particular, PLM-HONEYBEE-1B achieves a
relative performance improvement of 28pp over InternVL-
3-1B-Instruct. Furthermore, PLM-HONEYBEE-3B and
PLM-HONEYBEE-8B achieve relative gains of 8.4pp and
2.7pp over Qwen2.5-VL-3B-Instruct and Qwen2.5-VL-
8B-Instruct, respectively. Moreover, we perform a fine-
grained comparison between the base PLM-3B and PLM-
HONEYBEE-3B across diverse difficulty levels in the
MathVision dataset (Figure 7). We find that HONEYBEE
improves performance across all difficulty levels, reaching
up to 100pp relative gains for level 2. This highlights that
HONEYBEE can be used to enhance reasoning capabilities
at various difficulty levels. Overall, we show that our high-
quality curated data can outperform existing methods that
provide little public information about their reasoning data.

HONEYBEE data scaling. We train PLM models on var-
ious subsets (50K, 250K, 2.5M) of the data. Results av-
eraged across the five VL evaluation datasets are shown in
Figure 1a. We observe that the performance of HONEY-
BEE-trained PLMs, across all sizes, continues to improve
as the dataset size increases. In fact, we find that perfor-
mance has not saturated even at the 2.5M scale. This sug-
gests that, with sufficient training budget, one could further
scale the size of HONEYBEE to achieve additional perfor-
mance improvements. We show the scaling results across
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Figure 4. Shared caption decoding for efficient test-time scaling (TTS). (a) We illustrate the naive approach to TTS in VL reasoning and
compare it to the proposed decoding strategy. (b) We present the accuracy trend as a function of the number of generated tokens (number
of solution attempts up till 64) for PLM-3B trained with HONEYBEE on MathVista dataset.

individual datasets in Appendix Figure 9. Further, we com-
pare the PLM-3B trained with the HONEYBEE data and ex-
isting CoT VL reasoning datasets in Figure 1b, and show
massive relative gains upto 39pp across the five VL reason-
ing datasets. Apart from this, we use a small subset of our
data to finetune the teacher model itself, reminiscent of self-
improvement [54], and show that HONEYBEE data can be
used to achieve reasoning performance from the generator
model too (Appendix 18). We also perform a correlation
analysis to examine the impact of our data design choices
on the performance of the PLM models in Appendix 12.

RL training of HONEYBEE model. Supervised finetun-
ing with CoT data serves as a warm start for RL train-
ing, enabling further improvements in reasoning capabili-
ties [14, 35]. Thus, we perform RL training using the GRPO
algorithm [52] on top of the PLM-HONEYBEE-3B model
with VL verifiable data [36]. We present results on diverse
VL reasoning tasks and compare them to those of a super-
vised and RL-tuned VL reasoner, OpenVLThinker-v1.2-3B,
in Table 5. We find that RL training on top of HONEYBEE-
SFT models outperforms OpenVLThinker-v1.2-3B, with a
9.2pp relative gain in average accuracy. We present the de-
tailed results in Appendix Table 10.

Method Average

OpenVLThinker-v1.2-3B [14] 42.3
PLM-HONEYBEE-3B 44.3
PLM-HONEYBEE-3B-GRPO 46.2

Table 5. RL training on top of HONEYBEE trained VLM. We
present results for training PLM-3B with HONEYBEE data using
supervised finetuning, followed by a round of RL training.

5.5. Efficient test-time scaling with Shared captions
We observe that each CoT in the HONEYBEE dataset has
two parts: an understanding component (IC , image caption
tokens) and a problem-solving component (S, solution to-
kens), so C = [IC ;S]. In test-time scaling (TTS) methods
like self-consistency [66], we generate N > 1 CoTs for a
reasoning problem (I,Q) and use majority voting over an-
swers. The naive TTS approach generates the full CoT N
times. Instead, we propose shared captions: generate the
full CoT once as (IC1 , S1), then reuse IC1 as context for sub-
sequent solution generations SK (Figure 4a). This reduces
number of generated tokens and, since inference FLOPs
scale with token count [24], improves inference efficiency.
We empirically test this with PLM-3B trained on HONEY-
BEE using MathVista (Figure 4b), generating N = 64
solutions at temperature 0.7 per (image, question) pair. The
naive approach produces 42.6K tokens (671 per attempt),
while shared captions achieves similar performance with
only 24.5K tokens (280 captioning, 390 problem-solving
per attempt), a 73% reduction in tokens and FLOPs. Thus,
HONEYBEE enables efficient and strong VL reasoning.

6. Conclusion

We present HONEYBEE, a high-quality and large-scale VL
reasoning dataset. Future work can assess the impact of
our insights on general-purpose data curation for VL train-
ing, particularly for skills that go beyond reasoning, such
as VQA. Moreover, we have focused only on data curation
for single images, but it would be pertinent to extend this
approach to reasoning over multiple images. Our work lays
a strong foundation for data research in VL reasoning.
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