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Abstract

Vision-language (VL) pre-training has recently received considerable attention.
However, most existing end-to-end pre-training approaches either only aim to
tackle VL tasks such as image-text retrieval, visual question answering (VQA)
and image captioning that test high-level understanding of images, or only target
region-level understanding for tasks such as phrase grounding and object detection.
We present FIBER (Fusion-In-the-Backbone-based transformER), a new VL model
architecture that can seamlessly handle both these types of tasks. Instead of having
dedicated transformer layers for fusion after the uni-modal backbones, FIBER
pushes multimodal fusion deep into the model by inserting cross-attention into the
image and text backbones, bringing gains in terms of memory and performance. In
addition, unlike previous work that is either only pre-trained on image-text data
or on fine-grained data with box-level annotations, we present a two-stage pre-
training strategy that uses both these kinds of data efficiently: (i) coarse-grained
pre-training based on image-text data; followed by (ii) fine-grained pre-training
based on image-text-box data. We conduct comprehensive experiments on a
wide range of VL tasks, ranging from VQA, image captioning, and retrieval,
to phrase grounding, referring expression comprehension, and object detection.
Using deep multimodal fusion coupled with the two-stage pre-training, FIBER
provides consistent performance improvements over strong baselines across all
tasks, often outperforming methods using magnitudes more data. Code is available
at https://github.com/microsoft/FIBER.

1 Introduction
Inspired by the success of language model pre-training [11, 51, 42], coupled with the unification of
architectures used in the NLP and computer vision communities [12, 4], vision-language pre-training
(VLP) [62, 45, 33, 6] has been receiving an increasing amount of attention. It has been proven that
VLP can establish state-of-the-art performance on visual question answering [3], visual reasoning [60],
image captioning, and image-text retrieval [41]. The pre-training objectives commonly used for these
tasks, such as image-text matching, image conditioned masked language modeling and image-text
constrastive learning, require multimodal understanding at the image level. Typically, this means the
pre-training is done using images at lower resolution (e.g., 384×384), making it possible to scale up
training by using large batch sizes.

Recently, it has also been shown that tasks such as image classification and object detection (OD),
which have been traditionally viewed as vision-only tasks, can benefit from being cast as VL
tasks [50, 25, 34, 26]. Inspired by MDETR [26], GLIP [34] reformulates standard classification-
based OD as phrase grounding. This opens up the possibility to leverage VLP for OD, and vice versa,

∗Equal Technical Contribution ♠Project Lead §Work done while at Microsoft

36th Conference on Neural Information Processing Systems (NeurIPS 2022).

https://github.com/microsoft/FIBER


Figure 1: The proposed coarse-to-fine pre-training framework for vision-language tasks. We first perform
coarse-grained pre-training with image-text data for VQA, image captioning and retrieval tasks, and then perform
fine-grained pre-training with image-text-box data for phrase grounding and object detection tasks. The same
FIBER architecture is used for both stages. OD: object detection. MLM: masked language modeling. ITM:
image-text matching. ITC: image-text contrastive loss.

and this unification has led to impressive performance on several established OD as well as phrase
grounding benchmarks [49]. Since these tasks involve fine-grained image understanding between
regions in the image and phrases in the text, and also require prediction of precise bounding boxes at
the output, the pre-training typically involves using high resolution input images (e.g., 800×1,333).

Existing multimodal architectures typically do not support both kinds of tasks. Specifically, the fully
end-to-end VLP models such as ALBEF [32], METER [13], and SimVLM [67] can achieve the
state of the art (SoTA) on image-level understanding tasks, but it is non-trivial to extend them for
region-level VL tasks because predicting bounding boxes is typically hard in end-to-end settings.
On the other hand, MDETR [26] and GLIP [34] are designed to predict bounding boxes, but have
not been shown to support tasks such as image captioning and retrieval. Further, fine-grained pre-
training not only requires data with bounding box annotations that are cumbersome to acquire, but
the requirement of high input image resolution makes pre-training very costly, especially when using
standard Transformer architectures [63] that have quadratic complexity in the size of the image. A
natural but challenging question arises: can we have a unified framework for efficient VL pre-training
that benefits both image-level and region-level VL tasks (e.g., both VQA and OD)?

Figure 2: Model architecture for FIBER. Swin trans-
former is used as the image backbone, simplified here
for illustration purposes.

We answer this question by proposing two ideas:
(i) a novel model architecture that can handle
various types of tasks and pre-training strate-
gies (high and low resolution inputs, image and
region level outputs) more efficiently than pre-
vious work (see Section 3.1 and 4), and (ii) a
two-stage pre-training pipeline.

In terms of architecture, we present FIBER,
shown in Figure 2, which performs deep mul-
timodal fusion in the backbone. Specifically,
instead of having a few dedicated transformer
layers on top of the image and text encoders for
fusion (e.g., as is commonly done in previous
work [36, 6, 13, 26, 34]), we propose to directly
insert cross-attention modules into the image
and text backbones. Additionally, we support
the ability to switch between a dual encoder (for
fast image retrieval) and a fusion encoder (for VQA and captioning) readily, by switching on or off
the cross-attention modules. With the same model architecture, by simply adding an object detection
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Figure 3: FIBER can be readily adapted to various downstream VL tasks, ranging from VQA, image captioning
and retrieval, to phrase grounding and object detection (OD).

head (e.g., Dynamic Head [9]) on top,FIBER can be readily extended to visual grounding, referring
expression comprehension and (open-vocabulary) OD tasks as well.

By considering the nature of different VL tasks,FIBER is pre-trained with a coarse-to-�ne two-stage
pipeline, as detailed in Figure 1. Speci�cally,

• During coarse-grained pre-training,FIBER takes low-resolution (384� 384) images as input, and is
pre-trained with image-text matching, masked language modeling, and image-text contrastive losses,
as used in previous work [13, 66, 64]. The pre-trained model can then be directly �netuned for
VQA and image captioning tasks (Figure 3a and 3c). By switching off the cross-attention modules,
FIBER also automatically functions as a dual encoder for fast image-text retrieval (Figure 3b).

• During �ne-grained pre-training,FIBER uses the coarse pre-trained model as initialization, in
addition to randomly initialized parameters for the OD head. At this stage, the model takes high-
resolution (800� 1,333) images as input, and is pre-trained with bounding box localization loss and
word-region alignment loss, as used in GLIP [34]. We use image-text-box data with ground-truth
box annotations for pre-training, and the model can be directly �ne-tuned for grounding and
detection tasks (Figure 3d).

Compared to �ne-grained pre-training, coarse-grained pre-training is easier to scale up, as it only
requires paired image-text data which can be easily harvested from the web. Crucially, we show that
re-using all the parameters from our coarse-grained pre-trained model for �ne-grained pre-training
alleviates the requirement for large amounts of box-level annotated data. In our experiments, we
show that on �ne-grained tasks such as Flickr30k Entities,FIBER using coarse-grained pre-training
achieves gains even over previous SoTA (GLIP [34]) that uses 25� more box-level annotated images
during the �ne-grained pre-training stage. We also show that our architecture is much more ef�cient
in terms of training time on OD tasks, as compared to GLIP .

FIBER is the �rst end-to-end VLP model that can support VL tasks encompassing image-level and
region-level outputs. We conduct experiments on VQAv2 [3], NLVR2 [60], COCO captioning [41],
NoCaps [1], COCO and Flickr30k image-text retrieval [49], as well as on phrase grounding [49],
referring expression comprehension [75], COCO and LVIS detection [17], and a suite of 13 object
detection in the wild datasets [34]. We show that our model can provide consistent performance
improvement over strong baselines (e.g., METER [13] and GLIP [34]) across tasks.

2 Related Work

VLP for Classical VL Tasks. ViLBERT [45] and LXMERT [62] were the �rst two methods to
introduce using transformers for VLP. Since then, we have witnessed a boom of VLP methods [33, 30,
59, 73, 22, 71, 81, 38, 7, 35]. Early methods mainly focus on the use of pre-trained object detectors to
extract image region features of�ine, such as UNITER [6], OSCAR [36], VILLA [ 15] and VinVL [79].
More recently, end-to-end VLP methods that use the image directly as input have become popular. In
these approaches, convolution networks or vision transformers [12] are used as the image backbone,
with additional transformer layers for modeling multimodal fusion [24, 23, 28, 68, 32, 64]. Prominent
examples along this line include ViLT [28], ALBEF [32], SimVLM [67], METER [13], X-VLM [ 77]
and BLIP [31]. These models have achieved the current SoTA on major VL benchmarks such as
VQA and image captioning. However, they cannot be directly used for tasks such as object detection.
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