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Abstract

Vision-language models (VLMs) trained on internet-scale data achieve remark-
able zero-shot detection performance on common objects like car, truck, and
pedestrian. However, state-of-the-art models still struggle to generalize to out-
of-distribution classes, tasks and imaging modalities not typically found in their
pre-training. Rather than simply re-training VLMs on more visual data, we argue
that one should align VLMs to new concepts with annotation instructions contain-
ing a few visual examples and rich textual descriptions. To this end, we introduce
Roboflow100-VL, a large-scale collection of 100 multi-modal object detection
datasets with diverse concepts not commonly found in VLM pre-training. We
evaluate state-of-the-art models on our benchmark in zero-shot, few-shot, semi-
supervised, and fully-supervised settings, allowing for comparison across data
regimes. Notably, we find that VLMs like GroundingDINO and Qwen2.5-VL
achieve less than 2% zero-shot accuracy on challenging medical imaging datasets
within Roboflow100-VL, demonstrating the need for few-shot concept alignment.
Lastly, we discuss our recent CVPR 2025 Foundational FSOD competition and
share insights from the community. Notably, the winning team significantly outper-
forms our baseline by 17 mAP! Our code and dataset are available on GitHub and
Roboflow.

1 Introduction

Vision-language models (VLMs) trained on web-scale datasets achieve remarkable zero-shot per-
formance on many popular academic benchmarks [[156} 87, [132]. However, the performance of
such foundation models varies greatly when evaluated in-the-wild, particularly on out-of-distribution
classes, tasks (e.g. material property estimation, defect detection, and contextual action recogni-
tion) and imaging modalities (e.g. X-rays, thermal spectrum data, and aerial imagery). In this
paper, we introduce Roboflow100-VL (RF100-VL), a large-scale multi-domain dataset to benchmark
state-of-the-art VLMs on hundreds of diverse concepts not typically found in internet pre-training.

Status Quo. Foundation models are often trained on large-scale datasets curated from diverse sources
around the web. However, despite their scale and diversity, these pre-training datasets still follow a
long-tail distribution [121]], causing foundation models to generalize poorly to rare concepts [106]. A
common approach for improving the performance of VLMs is to scale up training data and model size
[24]. However, we argue that some data will always remain out-of-distribution, whether due to being
sequestered from the internet or being created after the model’s training cutoff [[144]], motivating the
need to learn new concepts from a few examples.

Evaluating Out-of-Distribution Generalization. Existing benchmarks primarily assess spatial
understanding through visual question answering (VQA) and common sense reasoning [[87} 157,
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Figure 1: Roboflow100-VL Dataset. We identify a set of 100 challenging datasets from Roboflow
Universe that contain concepts not typically found in internet-scale pre-training. To simplify analysis,
we cluster these 100 datasets using per-dataset CLIP embeddings into seven categories. We
visualize examples from each of these categories above. Furthermore, we also generate multi-modal
instructions for each dataset with a few visual examples and rich textual descriptions per class to
facilitate few-shot concept alignment.

[132]. However, we argue that evaluating model performance on compositional reasoning benchmarks
alone does not effectively measure generalization to out-of-distribution tasks. Moreover, current
spatial understanding and grounding benchmarks (e.g. RefCOCO [[155]] and OdinW [82]) typically
evaluate performance on classes commonly found in internet pre-training. We demonstrate that such
benchmarks artificially inflate model performance and are not representative of many real-world
applications (cf. Table([T). To address this limitation, we introduce RF100-VL, a large-scale detection
benchmark comprised of 100 multi-modal datasets from diverse domains (cf. Fig. [T). Importantly,
we carefully curate RF100-VL such that it cannot be solved by simply prompting state-of-the-art
models with class names. Specifically, we include datasets where classes are labeled using scientific
names (e.g. liver fibrosis and steatosis), acronyms (e.g. DIP and MCP), context-dependent
names (e.g. detecting a block vs. set in the context of volleyball), material properties (e.g. paper
vs. soft plastic), and diverse imaging modalities (cf. Fig. [2). We posit that models must leverage
multi-modal contextual information (presented in the form of multi-modal annotator instructions) to
effectively align to target concepts in RF100-VL.

Multi-Modal Annotator Instructions. Annotating large-scale datasets is an iterative process that
often requires extensive discussions between data curators and annotators to clarify class definitions
and ensure label consistency. These (often multi-modal) labeling instructions provide rich contextual
information not provided by class names alone. We argue that aligning foundation models to
target concepts can be principally addressed through the lens of few-shot learning by presenting
vision-language models with visual examples and rich textual descriptions per class (cf. Fig. [3).
Importantly, this approach mirrors how we align human annotators to concepts of interest with
few-shot multi-modal examples [34] 91]).
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Figure 2:Hard Examples in Robo ow100-VL. Our dataset is particularly challenging because it is dif cult to
detect objects in RF100-VL using class-names alone. Speci cally, we select datasets where classes are labeled
using scienti ¢ names, acronyms, context-dependent names, material properties. We posit that models must
leverage multi-modal contextual annotations to address such hard examples.

Contributions. We present three major contributions. First, we introduce RF100-VL, a large-scale,
multi-domain benchmark designed to evaluate vision-language models (VLMs) on challenging
real-world use cases. We evaluate state-of-the-art models on our benchmark in zero-shot, few-shot,
semi-supervised, and fully-supervised settings, allowing for comparison across data regimes. Our
extensive experiments highlight the dif culty of adapting VLMs to out-of-distribution tasks and
reveal the limitations of current state-of-the-art methods. Lastly, we highlight the results of our recent
CVPR 2025 challenge hosted in conjunction with the Workshop on Visual Perception via Learning in
An Open World.

2 Related Works

Vision Language Modelsare trained using large-scale, weakly supervised image-text pairs sourced
from the web. Although many VLMs primarily focus on classi cation [113] or image understanding,
recent methods address spatial understanding with open-vocabulary detectors. Early approaches
adapted VLMs for object detection by classifying speci ¢ image regions [62, 63] or integrating
detection components into frozen [78] or ne-tuned [98, 97, 52] encoders. In contrast, RegionCLIP
[160] employs a multi-stage training strategy that involves generating pseudo-labels from captioning
data, performing region-text contrastive pre-training, and ne-tuning on detection tasks. GLIP [83]
treats detection as a phrase grounding problem by using a single text query for the entire image. Detic
[161] improves long-tail detection performance by utilizing image-level supervision from ImageNet
[117]. Notably, recent VLMs achieve remarkable zero-shot performance and are widely used as
“black box” models in diverse downstream applications [90, 108, 75, 103, 130]. More recently,
multi-modal large language models (MLLMs) such as Qwen2.5-VL [28] and Gemini 2.5 Pro [47]
frame spatial understanding as a text generation task. Interestingly, such generalist MLLMs perform
worse at object detection than task-speci ¢ models like GroundingDINO [86]

Fine-Tuning Vision-Language Modelsis crucial for adapting foundation models to downstream
tasks [68, 158, 59]. Traditional ne-tuning methods, such as linear probing [37, 67] and full ne-
tuning [146, 151] can be computationally expensive. Instead, parameter-ef cient approaches like
CLIP-Adapter [59] and Tip-Adapter [159] optimize lightweight MLPs while keeping encoders frozen.
Although prior few-shot learners commonly used meta-learning [154], more recent approaches show
that transfer learning generalizes better to novel categories [145]. In particular, Pan et. al. [105]
demonstrates that transfer learning can be effectively used to ne-tune foundation models using



Figure 3:Multi-Modal Few-Shot Examples. We present an example of the few-shot visual examples

and rich text descriptions used for in-context prompting and ne-tuning. Notably, image examples
used for each class may overlap and are only guaranteed to have exhaustive annotations for one class.
Such multi-modal examples help clarify ambiguous conceptssife plastic  andmetal .

a few multi-modal examples. More recently, in-context learning [152] demonstrates promising
results for test-time few-shot adaptation without gradient-based ne-tuning. We explore such test-
time ne-tuning strategies in the context of MLLMSs [47, 28] to learn from multi-modal annotator
instructions.

Benchmarking Vision-Language Modelsis of signi cant interest to the community. State-of-
the-art VLMs are typically evaluated using benchmarks such as MMStar [35], MMMU [157],
MME [84], ScienceQA [89], MMBench [87], MM-Vet [156], Seed-Bench [81], and MMVP [133].
These benchmarks evaluate a broad set of vision-language tasks, including ne-grained perception,
reasoning, common sense knowledge, and problem solving in various domains. However, existing
evaluations primarily focus on multi-modal understanding in the context of visual question answering
(VQA). In contrast, RF100-VL evaluates VLM detection accuracy given a few visual examples
and rich textual descriptions. Prior VLM grounding benchmarks like RefCOCO [155] often focus
on referential grounding of common object categories. Recent efforts like ODinW [82] consider
more challenging scenarios by sourcing real-world data from Robo ow [38]. However, we nd that
state-of-the-art methods achieve high zero-shot accuracy on RefCOCO and OdinW [28], suggesting
that these datasets may not be well suited for evaluating foundational few-shot object detection [91].

3 Robo owl1l00-VL Benchmark

As shown in Fig. 1, RF100-VL consists of diverse datasets not typically found in internet-scale
pre-training. We highlight our data curation procedure (Section 3.1) and present several baselines to
evaluate state-of-the-art models in the zero-shot and few-shot settings (Section 3.2). We also evaluate
models under the semi-supervised and fully-supervised settings in Appendix F.

3.1 Creating Robo ow100-VL

We source our datasets from Robo ow Universe, a community-driven platform that hosts diverse
open-source datasets created to solve real-world computer vision tasks. With maseaiG00

public datasets spanning medical imaging, agriculture, robotics, and manufacturing, we focus on
selecting high-quality datasets not commonly found in internet-scale pre-training (e.g. COCO [85],
Objects365 [124], GoldG [73], CC4M [125]) to better assess VLM generalization to rare concepts.
When selecting candidates for RF100-VL, we prioritized datasets where images contained multiple
objects, ensuring more realistic evaluation beyond classi cation. In addition, we sought out datasets
with semantically ambiguous names (e.g. “button” can refer to both clothing and electronics) to
encourage algorithms to leverage multi-modal annotator instructions rather than simply relying
on class names. We manually validate the labeling quality of each dataset to ensure exhaustive
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