Vero: An Open RL Recipe for General Visual Reasoning
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Figure 1. Vero improves performance across the overall benchmark and six task categories. Left. Model comparison across overall and
category scores. Right. Scaling trends versus RL FLOPs. All runs are finetuned from Qwen2.5-VL-7B-Instruct.

Abstract

The strongest vision-language models (VLMs) rely on
proprietary reinforcement learning (RL) pipelines, while
broad multi-task RL remains difficult because heteroge-
neous visual problems transfer weakly across tasks. We in-
troduce Vero, a family of fully-open VLMs trained with a
carefully curated collection of 600K RL samples from 59
datasets spanning six core task categories. Vero achieves
state-of-the-art performance across a wide range of vi-
sual reasoning tasks, improving over four base models by
3.6-5.5 points on average across 30 challenging bench-
marks spanning the six core task categories. Starting from
Owen3-VL-8B-Instruct, Vero outperforms Qwen3-VL-8B-
Thinking on 23 of 30 benchmarks without using any addi-
tional proprietary thinking data. On MiMo-VL-SFT, Vero
surpasses MiMo-VL-RL, which relies on a proprietary RL
recipe. Systematic ablations reveal that different task cat-
egories elicit qualitatively distinct reasoning patterns that
transfer poorly in isolation, suggesting that broad data cov-
erage is the primary driver of strong RL scaling. All data,
code, and models are released.

1. Introduction

Training models to reason through explicit chain-of-thought
(CoT) has become a powerful paradigm for improving
large language models (LLMs) and vision-language mod-
els, with on-policy reinforcement learning as a key driver [5,
12, 13]. Yet the strongest visual reasoning models rely
on proprietary RL pipelines with non-public data, while
fully open efforts such as OpenMMReasoner [21] and VL-
Rethinker [15] focus primarily on visual math. As we show
in Figure 1 and Section 4, training on a single task category
does not generalize to other visual capabilities.

We introduce Vero, a family of fully open VLMs trained
with a single-stage RL recipe on top of existing VLMs. We
curate 600K high-quality samples from 59 datasets span-
ning six core task categories and pair them with task-routed
reward functions, without warm start, staged RL, or propri-
etary data. Through systematic ablations, we find that data
diversity is the critical ingredient: different task categories
elicit distinct reasoning patterns that transfer poorly in isola-
tion. Our best Qwen3-based variants achieve 66.0 and 65.9
overall average, the highest among the 8B VLMs we eval-


https://huggingface.co/collections/zlab-princeton/vero
https://huggingface.co/datasets/zlab-princeton/Vero-600k
https://github.com/zlab-princeton/vero
https://vero-reasoning.github.io
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Figure 2. Composition of the RL training data. The inner ring shows six task categories, and the outer ring shows their 59 datasets.
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Table 1. Performance of different task category weightings
schemes. Values are score changes (A) over the base model.

uate. Starting from Qwen3-VL-8B-Instruct, Vero outper-
forms Qwen3-VL-8B-Thinking on 23 of 30 benchmarks,
and applied on top of Qwen3-VL-8B-Thinking it improves
this further to 24 of 30. We also surpass MiMo-VL-7B-RL
from the same base checkpoint using our fully open recipe.
All data, code, and models are released.

2. Vero
2.1. Task Definitions

We train a VLM 7y via RL to maximize expected reward
across diverse visual reasoning tasks. Given visual input
v and text query ¢, the model generates y ~ my(- | v,q),
evaluated by R(y, y*) against ground truth y*.

Task taxonomy. We organize training data into six cate-
gories (Figure 2), motivated by the finding that training on
any single category fails to transfer reliably to others (Sec-

tion 4): STEM (13 datasets), math, science, and medical
image reasoning; Spatial & Action (8), embodied reason-
ing, Ul navigation, and 3D understanding; Knowledge &
Recognition (12), VQA combining recognition with exter-
nal knowledge; Chart & OCR (9), reasoning over doc-
uments, charts, and infographics; Grounding, Counting
& Visual Search (11), object localization, counting, and
visual search; Captioning & Instruction Following (6),
open-ended description and instruction adherence.

2.2. Dataset Curation, Filtering, and Mixtures

Sourcing and filtering. We curate 600K samples from
59 datasets. Starting from over 250 candidates, we apply
heuristic filters (minimum 1K examples, adequate resolu-
tion, no binary-only answers) and manual inspection of ~50
examples per dataset for correctness, unambiguity, and veri-
fiability, retaining 59 datasets. We apply model-based ques-
tion filtering using Qwen3-VL-235B to remove ambiguous
or unverifiable questions, and answer canonicalization to
normalize ground-truth formats.

Data mixtures. We compare four task category weight-
ing schemes (uniform, difficulty-weighted, dataset-size-
weighted, reasoning-length-weighted). Uniform sampling
achieves the highest overall gain (+5.8 pts), as alternatives
improve individual categories at the cost of others (Table 1).

2.3. Reinforcement Learning

Algorithm. We use GSPO [22], which computes a
sequence-level importance ratio, with asymmetric clip-
ping [18], no KL penalty, and a soft overlong penalty.



Vero (Ours) Open Weights Models Fully Open RL Recipes Propr.

Vero Vero Vero Vero  Q3VL Q3VL Q25VL MiMoVL LLaVA VL-Re Mo2-O GPT-5
Qwen3I-8B Qwen3T-8B Qwen25-7B MiMo-7B 8B-Ins 8B-Thk 7B-Ins 7B-RL. OV1.5-RL thinker 7B Nano
RL Qwen3VL  Qwen3VL  Qwen25VL MiMoVL MiMoVL LLaVA Q25VL  SFT

Initial Model 8B Inst 8B Think 7B Inst 7B-SFT N/A N/A N/A  7B-SFT OVI1.5-Ins 7B-Ins Only N/A
Chart & OCR
ChartQA-Pro 60.2 62.9 52.0 62.9 4437 589"  433F 61.17 - - 314" 56.0°
ChartQA 91.6 90.8 90.0 90.4 89.6 88.6 87.3 94.4 87.4 - 75.2"  80.17
InfoVQA 87.8 88.2 81.9 87.0 83.1 86.0 82.6 90.1 76.6 - 60.3"  67.97
CharXivVgeason ~ 33.7 59.9 44.6 66.7 464 530 42.5 60.97 - - 35.67 5127
ChartMuseum  49.6 51.2 36.0 47.8 40.0 444 26.8 48.77 - - 3037 48.0°
EvoChart 75.7 75.9 66.9 73.9 64.07 73.00 6287 73.47 - - 51.00  63.37
Category Avg 69.8 71.5 61.9 71.5 612 673 57.6 71.4 - - 473  61.1
STEM
MMMU-Prog;q 59.8 59.5 43.4 58.8 559 604 38.3 59.47 39.9 41.7 31.97 6137
MMMU-Proy;, 57.2 57.5 39.6 56.0 4217 5347 323F 49 87 35.7 - 16.07  53.17
MathVision 59.0 63.5 29.1 574 539 627 25.1 58.8" 344 - 2137 61.7°
MathVistaessmini 78.7 79.2 74.5 79.0 772 814 68.2 80.47 72.3 73.7 53.6"7  70.27
Category Avg 63.7 64.9 46.6 62.8 573 645 41.0 62.1 45.6 - 30.7 61.6
Spatial & Action
Blink 68.7 66.3 57.5 61.2 69.1 0647 56.4 64.5° - - 56.47 5937
ERQA 43.2 47.2 40.0 39.8 458 46.8 41.87 43.57 - - 43.57 4557
GameQA ;¢ 52.3 54.9 46.7 53.2 3407 398"  26.17 49 87 - - 29.6" 4597
EmbSpatial 79.2 79.8 72.0 70.0 78.5 81.1 70.7° 70.2° - - 68.17 7427
CV Bench 87.9 87.4 81.1 83.6 8557 86.07 804 83.57 82.9 - 81.77 8257
Category Avg 66.3 67.1 59.5 61.6 62.6 63.7 55.1 62.3 - - 559 615
Knowledge & Recognition
RealWorldQA  73.3 71.5 71.6 69.3 71.5 735 68.5 68.6 68.4 - 73.3"  65.97
SimpleVQAEg, 45.2 46.2 50.0 47.5 4427 449"  445° 40.9° - - 30.8"  36.6
FVQA 24.6 22.0 26.3 30.1 26.0 242 21.9 31.8" - - 17.77 2947
MM-Vet v2 70.2 81.6 66.3 79.2 67.6 74.5 62.9 61.2f - - 60.87  71.57
Category Avg 53.3 55.3 53.5 56.5 523 543 49.5 50.6 - - 45.6 509
Grounding, Counting, Search
CountBenchQA 90.4 93.1 84.9 85.3 +00 88.8 89.6 85.97 86.47 86.8 - 89.4" 7547
CountQA 33.9 37.6 24.1 25.1 28.57  31.87 2097 27.47 - - 32,17 2577
MMERealWorld 57.8 51.5 52.4 52.1 47.1 4438 44.5 48.71 - - 4447  49.87
VStarBench 89.5 84.3 86.4 82.2 +00 822 764" 80.17 84.3 79.1 - 73.8"7  71.27
Aerial VG 30.0 31.0 27.4 19.6 3227 1267 2237 22.2F - - - -
VisualProbe 53.9 47.3 48.8 50.4 4777 3937 46.0° 52.2° - - 34.87 4157
ScreenSpot 93.6 92.0 89.9 89.2 86.6" 85.57 85.67 87.37 - - 75.8" -
ScreenSpotPro  61.4 47.6 38.1 345 478 355 23.9° 37.47 - - 19.3% -
Category Avg 63.8 60.5 56.5 54.8 57.6 519 51.1 55.7 - - - -
Captioning & IF
MM-MTBench 80.3 74.3 66.1 75.8 744 778 58.9 79.2° - - 3337 7277
MIABench 93.5 93.7 82.8 91.5 91.1 915 81.8 88.47 - - 77.9" 92,07
MMIFEval 77.7 79.6 62.8 78.3 69.2 75.0 53.6 66.1 - - 54.4%  78.0
Category Avg 83.8 82.5 70.6 81.9 782 814 64.8 77.9 - - 552 809
Overall Avg 66.0 65.9 57.8 63.3 60.5 619 52.9 62.4 - - - -

Table 2. Vero achieves state-of-the-art performance across multiple task categories. Vero columns show the initial models trained
with RL on our dataset; +x / -« deltas indicate improvement/decline over the respective initial model. T indicates results evaluated by us. All
other results are taken from official technical reports.
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Figure 3. Cross-task generalization. Each row shows a model trained on a single task category or mixture. Values are absolute score

changes relative to the base model.

Reward formulation. We use ten task-routed ver-
ifiers:  string match, multiple choice, numeric (via
math_verify [7]), list match, ordering [16], web
action [11], grounding (IoU/F1) [17], clicking [8],
instruction following [6, 10], and LLM-as-judge [9]
(Qwen3-32B). A format reward additionally checks for
<think>...</think><answer>...</answer>
structure. We show in Section 5 that this design outper-
forms simpler alternatives.

3. Experiments

Evaluation suite. We evaluate on VeroEval, 30 bench-
marks spanning our six categories, using the Imms-eval [20]
framework with official evaluation protocols.

Baselines. We compare against base VLMs (Qwen2.5-
VL-7B-Instruct [3], Qwen3-VL-8B-Instruct/Thinking [2],
Molmo2-O-7B [4]), open RL models (VL-Rethinker-
7B [15], LLaVA-OV-1.5-RL [1]), proprietary RL (MiMo-
VL-7B-RL [19]), and gpt-5-nano [14].

3.1. Evaluation Results

Results are in Table 2. Our best models Vero-Qwen3I-8B
and Vero-Qwen3T-8B achieve 66.0 and 65.9 overall aver-
age, the highest among all 8B VLMs we evaluate. Train-
ing yields consistent improvements across four base models
(+3.6 to +5.5 pts averaged over 30 benchmarks).
Vero-Qwen3I-8B outperforms Qwen3-VL-8B-
Thinking on 23 of 30 benchmarks, while Vero-Qwen3T-8B
improves this to 24 of 30. The largest category-level gains
over Qwen3-VL-8B-Thinking are on Grounding, Counting
& Search (+11.9 for Vero-Qwen3I-8B) and Chart &
OCR (+4.2 for Vero-Qwen3T-8B). Vero-Qwen25-7B
surpasses the substantially stronger Qwen3-VL-8B-Instruct
on Chart & OCR and Knowledge & Recognition despite
a 7.6-point base model gap. Vero-MiMo-7B outperforms
MiMo-VL-7B-RL on 4 of 6 category averages, showing

that a fully open recipe can surpass proprietary pipelines
from the same checkpoint.

4. Cross-Task Generalization

We train models on each individual task category (100k
samples) and evaluate across all six (Figure 3). Single-task
training frequently produces negative transfer: on Qwen2.5-
VL, nearly all single-category models degrade Ground-
ing performance, and training on any non-captioning cate-
gory severely degrades Captioning & IF (—15.8 to —35.5).
In contrast, diverse task mixing eliminates negative trans-
fer, achieving positive gains across all categories on both
Qwen2.5-VL and Qwen3-VL base models.

5. Ablations

All ablations use Qwen2.5-VL-7B-Instruct trained for 1
epoch on the 600k mixture.

Filtering improves data quality. Question filtering and an-
swer canonicalization improve data quality, with the largest
gains on Spatial & Action (+1.9) and Knowledge & Recog-
nition (+2.1). Our curated data also outperforms alternative
dataset sources on Chart & OCR and STEM.

Reward design matters for multi-task training. Our
multi-route reward design reaches 57.2 overall average, out-
performing math_verify [7] (51.8).

RL outperforms SFT. On the same data, RL reaches 57.2
overall versus 52.8 for SFT and improves every category.
SFT on our data also exceeds a strong alternative SFT data
source (46.2), confirming the value of our curation. Con-
clusion. We presented Vero, a fully open VLM reason-
ing family trained with single-stage RL on 600K samples
from 59 datasets spanning six capability categories. Our
best model achieves state-of-the-art performance among 8B
VLMs and outperforms Qwen3-VL-8B-Thinking on up to
24 of 30 benchmarks.
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