GLIPv2: Unifying Localization and VL Understanding
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Abstract

We present GLIPv2, a grounded VL understanding model, that serves both local-
ization tasks (e.g., object detection, instance segmentation) and Vision-Language
(VL) understanding tasks (e.g., VQA, image captioning). GLIPv2 elegantly uni-
fies localization pre-training and Vision-Language Pre-training (VLP) with three
pre-training tasks: phrase grounding as a VL reformulation of the detection task,
region-word contrastive learning as a novel region-word level contrastive learning
task, and the masked language modeling. This unification not only simplifies the
previous multi-stage VLP procedure but also achieves mutual benefits between
localization and understanding tasks. Experimental results show that a single
GLIPv2 model (all model weights are shared) achieves near SOTA performance
on various localization and understanding tasks. The model also shows (1) strong
zero-shot and few-shot adaption performance on open-vocabulary object detection
tasks and (2) superior grounding capability on VL understanding tasks. Code is
released at https://github.com/microsoft/GLIP!|

1 Introduction

Recently, a general interest arises in building general-purpose vision systems [21} 24} 1561 142], also
called vision foundation models [6, [57]], that solve various vision tasks simultaneously, such as
image classification [30], object detection [39]], and Visual-Language (VL) understanding [3} |11} 27].
Of particular interest, is the unification between localization tasks (e.g., object detection [39] and
segmentation [8, 20]) and VL understanding tasks (e.g., VQA [3] and image captioning [[11]).
Localization pre-training benefits VL tasks [1} |S9]], and the “localization->VLP” two-stage pre-
training procedure [411 49| 13|48 134, 32} 161} 137, 135]] is the common practice in VL community. A
long-standing challenge is the unification of localization and understanding, which aims at mutual
benefit between these two kinds of tasks, simplified pre-training procedure, and reduced pre-training
cost.

However, these two kinds of tasks appear to be dramatically different: localization tasks are vision-
only and require fine-grained output (e.g., bounding boxes or pixel masks), while VL understanding
tasks emphasize fusion between two modalities and require high-level semantic outputs (e.g., answers
or captions).

[21} 24,156l have made early attempts at unifying these tasks in a straightforward multi-task manner,
where a low-level visual encoder is shared across tasks, and two separate high-level branches
are designed for localization and VL understanding, respectively. The localization tasks are still
vision-only and do not benefit from the rich semantics in vision-language data. As a result, such
unified models see the marginal mutual benefit or even performance degradation [24] compared with
task-specific models.

In this paper, we identify “VL grounding” as a “meta”-capability for localization and understanding
capabilities. VL grounding involves not only understanding an input sentence but also localizing
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Figure 1: Left: GLIPv2, a pre-trained grounded VL understanding model, uni es various localization
and VL understanding tasks. These two kinds of tasks mutually bene t each other, and enables new
capabilities such as language-guided detection/segmentation and grounded VQA/captioning. Right:
Additional examples from ODInW (detection), LVIS (segmentation), VQA, COCO Captioning.

the mentioned entities in the image (see an example in F[dure 1). We bgilduaded VL
understanding model (GLIPv2) as a uni ed model for localization and VL understanding tasks.

Localization + VL understanding = grounded VL understanding. Localization tasks involve

both localization and semantic classi cation, where classi cation can be cast as a VL understand-
ing problem using thelassi cation-to-matchingrick (Sectior{ 3.1L). Therefore, we reformulate
localization tasks as VL grounding tasks, in which the language input is a synthesized sentence as
the concatenation of category nam@8§][ Localization data are turned into VL grounding data,
accordingly. The massive VL understanding data (image-text pairs) can be easily turned into VL
grounding data in a self-training mann&g]. Therefore, GLIPv2 has a uni ed pre-training process:

all task data are turned into grounding data and GLIPv2 is pre-trained to perform grounded VL
understanding.

A stronger VL grounding task: inter-image region-word contrastive learning. GLIP [36]

proposes the phrase grounding task as its pre-training task, which we argue is an easy task and does
not fully utilize data information. For example, in the VL grounding task in Figure 1, the phrase
grounding task only requires the model to match a given image region to one of the three phrases in
the text input, i.e., “green, pink striped, or plain white umbrella?”. This 1-in-3 choice is very easy,
only requires color understanding, but loses lots of information in this grounding data: the umbrellas
are not any other colors, like black, yellow, etc; objects in those regions are umbrellas but not any
other categories, like car, bike, etc. From a contrastive learning view, this phrase grounding task
only has two negatives. More negatives can be created from this annotation and thus enable stronger
contrastive learning. In GLIPv2, we introduce the novel inter-image region-word contrastive learning
task, which leverages phrases from other sentences in the same batch as potential negatives, as another
much stronger VL grounding task. This new region-word contrastive loss enables GLIPv2 to learn
more discriminative region-word features and demonstrates improvements over all downstream tasks.

GLIPv2 achieves mutual bene t between localization and VL understanding 1) Experimental

results (Table 2) show that a single GLIPv2 model (all model weights are shared) achieves near SoTA
performance on various localization and understanding tasks. 2) Thanks to semantic-rich annotations
from the image-text data, GLIPv2 shows superior zero-shot and few-shot transfer learning ability to
open-world object detection and instance segmentation tasks, evaluated on the LVIS dataset and the
"Object Detection in the Wild (ODinW)" benchmark. 3) GLIPv2 enables language-guided detection
and segmentation ability, and achieves new SoTA performance on the Flick30K-entities phrase
grounding and PhraseCut referring image segmentation tasks. 4) Inherently a grounding model,
GLIPv2 leads to VL understanding models with strong grounding ability, which are self-explainable
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