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Abstract
Most existing methods in vision language pre-
training rely on object-centric features extracted
through object detection and make fine-grained
alignments between the extracted features and
texts. It is challenging for these methods to learn
relations among multiple objects. To this end, we
propose a new method called X-VLM 1 to per-
form ‘multi-grained vision language pre-training.’
The key to learning multi-grained alignments is
to locate visual concepts in the image given the
associated texts, and in the meantime align the
texts with the visual concepts, where the align-
ments are in multi-granularity. Experimental re-
sults show that X-VLM effectively leverages the
learned multi-grained alignments to many down-
stream vision language tasks and consistently out-
performs state-of-the-art methods.

1. Introduction
Vision language pre-training aims to learn vision language
alignments from a large number of image-text pairs. A pre-
trained Vision Language Model (VLM) fine-tuned with a
small amount of labeled data has shown the state-of-the-art
performances in many Vision Language (V+L) tasks such
as visual question answering and image-text retrieval.

Existing methods learning vision language alignments fall
into two approaches as shown in Figure 1 (a, b). Most of
them detect objects in the image and align the text with
fine-grained (object-centric) features. They either utilize
pre-trained object detectors (Tan & Bansal, 2019; Lu et al.,
2019; Li et al., 2019; 2020a; Chen et al., 2020; Li et al.,
2020b; Gan et al., 2020) or conduct object detection on-the-
fly in the pre-training process (Su et al., 2020; Xu et al.,
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Figure 1. A comparison of (a) the existing methods relying on
object detection, (b) the methods aligning the texts with the whole
image, and (c) our approach.

2021a). The other methods do not rely on object detection
and only learn alignments between the texts and coarse-
grained (overall) features of the image (Huang et al., 2020;
2021; Kim et al., 2021; Li et al., 2021a).

Both the fine-grained and coarse-grained approaches have
drawbacks. Object detection identifies all possible objects
in the image, and some of them might not be relevant to
the text. Object-centric features cannot easily represent
relations among multiple objects, e.g. “man crossing the
street”. Moreover, it is challenging to pre-define the cate-
gories of objects suitable for downstream tasks. On the other
hand, the coarse-grained approaches cannot effectively learn
fine-grained alignments between vision and language, e.g.
object-level, which has shown to be critical for some down-
stream tasks such as visual reasoning, visual grounding, and
image captioning.

Ideally, we want a VLM to learn multi-grained alignments
between vision and language in pre-training, which are not
restricted to object-level or image-level, and leverage the
learned alignments to downstream V+L tasks. Unfortu-
nately, existing methods cannot satisfactorily handle multi-
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grained alignments between vision and language.

In this paper, we propose performing multi-grained vision
language pre-training by aligning text descriptions with the
corresponding visual concepts in images. Taking Figure 1
as an example, we have the following data for training: 1)
the image caption describing the whole image; 2) region
annotations such as “man wearing backpack” each of which
has been related to a region in the image, while previous
approaches roughly align the region descriptions with the
whole image; 3) object labels such as “backpack” which are
utilized by previous methods to train object detectors. We
re-formulate the data, so that an image may have multiple
bounding boxes, and a text2 is directly associated with the
visual concept in each box. The `visual concept' (Krishna
et al., 2017; Zhang et al., 2021; Changpinyo et al., 2021)
may be an object, a region, or the image itself, as the ex-
ample in Figure 1 (c). By doing so, our approach learns
unlimited visual concepts associated with diverse text de-
scriptions, which are also not restricted to object-level or
image-level.

Our multi-grained model, denoted as X-VLM, consists of
an image encoder that produces representations of visual
concepts (including the image itself) in an image, a text
encoder, and a cross-modal encoder that conducts cross-
attention between the vision features and language features
to learn vision language alignments. The key to learning
multi-grained alignments is to optimize X-VLM by: 1) lo-
cating visual concepts in the image given associated texts by
a combination of box regression loss and intersection over
union loss; 2) in the meantime aligning the texts with the
visual concepts, e.g. by a contrastive loss, a matching loss,
and a masked language modeling loss, where the alignments
are in multi-granularity, as illustrated in Figure 1 (c). In
�ne-tuning and inference, X-VLM can leverage the learned
multi-grained alignments to perform the downstream V+L
tasks without bounding box annotations in the input images.

We demonstrate the effectiveness of our approach on var-
ious downstream tasks. On image-text retrieval, X-VLM
learning multi-grained vision language alignments outper-
forms VinVL (Zhang et al., 2021) which is based on object-
centric features, achieving an absolute gain of 4.65% in
terms of R@1 score on MSCOCO. X-VLM also outper-
forms ALIGN (Jia et al., 2021), ALBEF (Li et al., 2021a),
and METER (Dou et al., 2021) by a large margin even
though they are pre-trained on more data or have more
parameters. On visual reasoning tasks, X-VLM achieves
absolute improvements of 0.79% on VQA and 1.06% on
NLVR2 compared to VinVL (Zhang et al., 2021), with a
much faster inference speed. X-VLM also outperforms
SimVLMbase (Wang et al., 2021) pre-trained with 1.8B
in-house data, especially on NLVR2 by 2.4%. On visual

2We take the object labels as text descriptions of objects.

grounding (RefCOCO+), X-VLM achieves absolute im-
provements of4:5% compared to UNITER (Chen et al.,
2020) and1:1%compared to MDETR (Kamath et al., 2021)
which is specialized for grounding tasks. X-VLM also has
comparable performance with SimVLMbase in the image
caption generation task.

The contributions of this work are as follows:

• We propose performing multi-grained vision language
pre-training to handle the alignments between texts and
visual concepts.

• We propose to optimize the model (X-VLM) by locat-
ing visual concepts in the image given the associated
texts and in the meantime aligning the texts with the
visual concepts, where the alignments are in multi-
granularity.

• We empirically verify that our approach effectively
leverages the learned multi-grained alignments in �ne-
tuning. X-VLM consistently outperforms existing
state-of-the-art methods on many downstream V+L
tasks.

2. Related Work

The existing work on vision language pre-training typically
falls into two categories: �ne-grained and coarse-grained.

Most existing methods belong to the �ne-grained approach,
which relies on object detection (Tan & Bansal, 2019; Lu
et al., 2019; Li et al., 2019; 2020a; Chen et al., 2020; Li
et al., 2020b; Gan et al., 2020; Li et al., 2021b). An object
detector �rst identi�es all regions that probably contain an
object, then conducts object classi�cation on each region.
An image is then represented by dozens of object-centric
features of the identi�ed regions. Object detectors, such as
Faster R-CNN (Ren et al., 2015), Bottom-Up and Top-Down
Attention (BUTD) (Anderson et al., 2018), are trained on
image annotations of common objects, e.g. COCO (Lin
et al., 2014) (110K images) and Visual Genome (Krishna
et al., 2017) (100K), and can be utilized. VinVL (Zhang
et al., 2021) has, for example, achieved SoTA performances
on many V+L tasks by utilizing a powerful object detector
pre-trained with a large collection of image annotations
(2.5M images). The challenge with the approach is that
object-centric features cannot represent relations among
multiple objects in multiple regions. Furthermore, it is not
easy to de�ne the categories of objects in advance that are
useful for downstream V+L tasks.

The coarse-grained approach builds VLMs by extracting
and encoding overall image features with convolutional net-
work (Jiang et al., 2020; Huang et al., 2020; 2021) or vision
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Figure 2.Pre-training model architecture and objectives of X-VLM. As shown on the left side, we extract features from the subset of
patches from the vision transformer to represent images/regions/objects (I andV 1� 3), which are then paired with corresponding text
features (T andT 1� 3) for contrastive learning, matching, and MLM. Meanwhile, the image (I ) is paired with different textual descriptions
(T andT 1� 3) for bounding box prediction to locate visual concepts in the image.

transformer (Kim et al., 2021; Li et al., 2021a). The perfor-
mances are usually not as good as the �ne-grained approach.
Though object-centric features are only related to certain
objects, learning �ne-grained alignments, e.g. object-level,
has shown to be critical for some downstream tasks such
as visual reasoning and visual grounding. To cope with the
problem, SOHO (Huang et al., 2021) employs online clus-
tering on image features to obtain more comprehensive rep-
resentations, ViLT (Kim et al., 2021) uses a more advanced
vision transformer, i.e. Swin-Transformer (Liu et al., 2021b)
for image encoding, and ALBEF (Li et al., 2021a) exploits
contrastive learning and momentum distillation in learning
of image-text alignments. However, the improvements still
cannot close the gap with the �ne-grained approach.

Recently, there emerge some methods managing to learn
both object-level and image-level alignments. However,
these approaches still rely on object detectors and thus suf-
fer from the aforementioned problems. For example, VL-
BERT (Su et al., 2020) incorporates Faster R-CNN into pre-
training. E2E-VLP (Xu et al., 2021a) adds an end-to-end
object detection module (i.e. DETR (Carion et al., 2020)).
Uni-EDEN (Li et al., 2022) uses Faster R-CNN as the vision
backbone. KD-VLP (Liu et al., 2021a) relies on external
object detectors to perform object knowledge distillation. In
contrast, X-VLM does not rely on object detection. Besides,
X-VLM learns multi-grained vision language alignments,

which are not restricted to object-level or image-level. Also,
unlike Uni-EDEN, which aligns objects to language by ob-
ject classi�cation and aligns images to language by caption
generation, X-VLM learns visual concepts in different gran-
ularities in a uni�ed way. We will show the effectiveness of
X-VLM in the experiments.

3. Method

3.1. Overview

X-VLM consists of an image encoder (I trans ), a text encoder
(Ttrans ), and a cross-modal encoder (X trans ). All encoders
are based on Transformer (Vaswani et al., 2017). The cross-
modal encoder fuses the vision features with the language
features through cross-attention at each layer.

We re-formulate the widely used pre-training datasets
(see Section 4.1) so that an image may have multiple
bounding boxes, and each of them is associated with
a text that describes an object or a region, denoted as
(I; T; f (V j ; T j )gN ). Note that some images do not have
associated texts, i.e.,T is NaN, and some images do not
have bounding boxes, i.e.,N = 0 . Here,V j is an object or
region in the bounding boxbj = ( cx; cy; w; h) represented
by the normalized center coordinates, width, and height of
the box. When the image itself represents a visual concept,
b = (0 :5; 0:5; 1; 1). Figure 2 illustrates the architecture and
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pre-training objectives of X-VLM.

3.2. Vision Encoding

The image encoder ef�ciently produces multi-grained visual
concept representations in an image. The encoder is based
on vision transformer (Dosovitskiy et al., 2020). It �rst
splits an image into non-overlapping patches and linearly
embeds all patches. Then, these patches are passed into the
transformer layers, yieldingf v1; :::; vN I g. For an image
of resolution of 224x224 and patch size of 32x32, we have
N I = 49.

We assume thatvpi encodes the information of the corre-
sponding patchpi . Therefore, we represent a visual concept
V j (object, region, or the image) that corresponds to a set
of patches by aggregating information among the patches
as shown in Figure 2. Speci�cally, we reshape the patch
features while keeping their position information, denoted
asf vpj

1
; :::; vpj

M
g. f pj

1; :::; pj
M g are patches ofV j . We also

calculate the average of the features to represent the whole
visual concept, denoted asv j

cls , and prepend it.

The image encoder then createsN + 1 concept representa-
tions in different granularities, represented asI trans (V j ) =
f v j

cls ; vpj
1
; :::; vpj

M
g; j 2 [0; N ]. We letI trans (V 0) denote

the image representation in which all patch features are uti-
lized. In the following section, we will describe how the
representations are utilized in the learning of multi-grained
alignments.

3.3. Cross-Modal Modeling

As shown in Figure 2, we optimize X-VLM by locating
visual concepts in the image given the corresponding texts
and in the meantime aligning the texts and visual concepts,
where the alignments are in multi-granularity.

Bounding Box Prediction We let the model predict the
bounding boxbj of visual conceptV j given the image
representation and the text representation, wherebj =
(cx; cy; w; h). By locating different visual concepts in the
same image, we expect that the model better learns �ne-
grained vision language alignments. The bounding box is
predicted by:

b̂
j
(I; T j ) = Sigmoid(MLP( x j

cls)) ; (1)

where Sigmoid is for normalization, MLP denotes multi-
layer perceptron, andx j

cls is the output[CLS] embedding
of the cross-modal encoder givenI andT j .

For bounding box prediction,`1 is the most commonly-used
loss. However, it has different scales for small and large
boxes, even if their relative errors are similar. To mitigate
this issue, we use a linear combination of the`1 loss and the
generalized Intersection over Union (IoU) loss (Rezato�ghi

et al., 2019), which is scale-invariant. The overall loss is
de�ned as:

L bbox = E(V j ;T j ) � I ;I � D [L iou (bj ; b̂j ) + jjbj � b̂j jj1] (2)

Meanwhile, we align texts and visual concepts by three
objectives which are widely used in vision language pre-
training (Chen et al., 2020; Radford et al., 2021; Li et al.,
2021a). We extend the objectives to incorporate multi-
grained visual concepts in the images.

Contrastive Learning We predict (visual concept, text)
pairs, denoted(V; T), from in-batch negatives. Note that vi-
sual concepts include objects, regions, and images. Similar
to Radford et al. (2021), we randomly sample a mini-batch
of N pairs, and calculate the in-batch vision-to-text similar-
ity and text-to-vision similarity.

Given a pair(V; T), T is the positive example forV , and
we treat the other(N � 1) texts within the mini-batch as
negative examples. We de�ne cosine similaritys(V; T) =
gv (vcls)> gw (w cls). w cls is the output[CLS] embedding
of the text encoder.gv andgw are transformations that map
the[CLS] embeddings to normalized lower-dimensional
representations. Then, we calculate the in-batch vision-to-
text similarity as:

pv2t (V ) =
exp(s(V; T)=� )

P N
i =1 exp(s(V; Ti )=� )

; (3)

Similarly, the text-to-vision similarity is:

pt2v (T) =
exp(s(V; T)=� )

P N
i =1 exp(s(V i ; T)=� )

; (4)

where� is a learnable temperature parameter. Lety v2t (V )
andy t2v (T) denote the ground-truth one-hot similarity, in
which only the positive pair has the probability of one. The
contrastive loss is de�ned as the cross-entropyH betweenp
andy :

L cl =
1
2

EV;T � D
�
H(y v2t (V ); pv2t (V ))

+ H( y t2v (T); pt2v (T))
�

(5)

Matching Prediction We determine whether a pair of vi-
sual concept and text is matched. For each visual concept in
a mini-batch, we sample an in-batch hard negative text by
following pv2t (V ) in Equation 3. Texts that are more rele-
vant to the concept are more likely to be sampled. We also
sample one hard negative visual concept for each text. We
usex cls , the output[CLS] embedding of the cross-modal
encoder, to predict the matching probabilitypmatch , and the
loss is:

L match = EV;T � D H(y match; pmatch(V; T)) (6)
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wherey match is a 2-dimensional one-hot vector representing
the ground-truth label.

Masked Language ModelingWe predict the masked words
in the text based on the visual concept. We randomly mask
out the input tokens with a probability of 25%, and the re-
placements are 10% random tokens, 10% unchanged, and
80%[MASK] . We use the cross-modal encoder's outputs,
and append a linear layer followed by softmax for predic-
tion. Let T̂ denote a masked text, andpj (V;T̂ ) denote the
predicted probability of the masked tokent j . We minimize
the cross-entropy loss:

L mlm = Et j � T̂ ;( V;T̂ ) � D H(y j ; pj (V;T̂ )) (7)

wherey j is a one-hot distribution in which the ground-truth
tokent j has the probability of one.

Finally, the pre-training objective of X-VLM is de�ned as:

L = L bbox + L cl + L match + L mlm (8)

4. Experiment

4.1. Pre-training Datasets

Table 1. Statistics of the pre-training datasets. See Appendix A.1
for detailed statistics of object and region annotations.

Dataset # Images # Captions # Ann

4M

COCO 0.11M 0.55M 0.45M
VG 0.10M - 5.7M
SBU 0.86M 0.86M -
CC-3M 2.9M 2.9M -

16M

4M 4.0M 5.1M 6.2M
Objects365 0.58M - 2.0M
OpenImages 1.7M - 4.2M
CC-12M 11.1M 11.1M -

We compare X-VLM with existing approaches at two set-
tings, as listed in Table 1. We refer to them as the 4M setting
and 16M setting respectively. Following UNITER (Chen
et al., 2020) and other existing work, we prepare our pre-
training data using two in-domain datasets, COCO (Lin
et al., 2014) and Visual Genome (VG) (Krishna et al., 2017),
and two out-of-domain datasets, SBU Captions (Ordonez
et al., 2011) and Conceptual Captions (CC) (Sharma et al.,
2018).

In the 4M setting, we utilize image annotations only from
COCO and VG, which contain 2.5M object annotations and
3.7M region annotations. Note that BUTD, the most widely
used object detector, is trained on the same set of object
annotations. The existing methods of only learning image-
text alignments also utilize the region annotations of VG
under the assumption that region descriptions can describe
the whole images. In contrast, we take the object labels

as text descriptions of objects, and re-formulate the image
annotations so that an image has multiple boxes and each
box is associated with a text. The text describes the visual
concept in the box, which can be an object, a region, or the
image itself.

In the 16M setting, we exploit a much noisier Conceptual
12M dataset (CC-12M) (Changpinyo et al., 2021) following
ALBEF (Li et al., 2021a). We additionally exploit Ob-
jects365 (Shao et al., 2019) and OpenImages (Kuznetsova
et al., 2018) following VinVL (Zhang et al., 2021).

Since most downstream V+L tasks are built on top of COCO
and VG, we exclude all images that also appear in the valida-
tion and test sets of downstream tasks to avoid information
leak. We also exclude all co-occurring Flickr30K (Plummer
et al., 2015) images via URL matching, because COCO and
VG are from Flickr, and there are some overlaps.

4.2. Implementation Details

The image encoder of X-VLM is vision transformer (Doso-
vitskiy et al., 2020), which is initialized with Swin
Transformerbase (Liu et al., 2021b). The text encoder and
the cross-modal encoder consist of six transformer layers
respectively. The text encoder is initialized using the �rst
six layers of BERTbase (Devlin et al., 2019), and the cross-
modal encoder is initialized using the last six layers. In total,
X-VLM has 215.6M parameters for pre-training.

X-VLM takes images of resolution of224� 224as input.
For text input, we set the maximum number of tokens to
30. During �ne-tuning, we increase the image resolution
to 384� 384and interpolate the positional embeddings of
image patches following Dosovitskiy et al. (2020).

We apply mixed precision for pre-training. In the 4M setting,
we train the model for 200K steps on 8 NVIDIA A100 GPUs
and the batch size is set to 1024, which tasks� 3:5 days.
In the 16M setting, we train the model on 24 GPUs with a
batch size of 3072. We sample the data by making half of
the images in a batch containing bounding box annotations.
We use the AdamW (Loshchilov & Hutter, 2019) optimizer
with a weight decay of 0.02. The learning rate is warmed-up
to 1e� 4 from 1e� 5 in the �rst 2500 steps and decayed to
1e� 5 following a linear schedule.

4.3. Downstream Tasks

We adapt X-VLM to �ve downstream V+L tasks. We fol-
low the settings in the previous work on �ne-tuning (see
Appendix A.2). Note that we have cleaned the pre-training
datasets to avoid data leaks since downstream V+L tasks
have overlaps in images with COCO and Visual Genome.

Image-Text RetrievalThere are two subtasks: text retrieval
(TR) and image retrieval (IR). We evaluate X-VLM on
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Table 2. Image-text retrieval results on MSCOCO and Flickr30K datasets. IR: Image Retrieval and TR: Text Retrieval. We compute
Recall@K with K = 1, 5, 10, as the evaluation metric. Zero-shot retrieval results are given in Appendix A.3.

Method # Params # Pre-train MSCOCO (5K test set) Flickr30K (1K test set)
Images TR IR TR IR

R@1/R@5/R@10 R@1/R@5/R@10 R@1/R@5/R@10 R@1/R@5/R@10
UNITERlarge 300M 4M 65.7 / 88.6 / 93.8 52.9 / 79.9 / 88.0 87.3 / 98.0 / 99.2 75.6 / 94.1 / 96.8
METER-Swin 380M 4M 73.0 / 92.0 / 96.3 54.9 / 81.4 / 89.3 92.4 / 99.0 / 99.5 79.0 / 95.6 / 98.0
ALBEF 210M 4M 73.1 / 91.4 / 96.0 56.8 / 81.5 / 89.2 94.3 / 99.4 / 99.8 82.8 / 96.7 / 98.4
METER-CLIP 380M 4M 76.2 / 93.2 / 96.8 57.1 / 82.7 / 90.1 94.3 / 99.6 / 99.9 82.2 / 96.3 / 98.4
VinVL large 550M 5.6M 75.4 / 92.9 / 96.2 58.8 / 83.5 / 90.3 - -
ALIGN 490M 1.8B 77.0 / 93.5 / 96.9 59.9 / 83.3 / 89.8 95.3 / 99.8 / 100.0 84.9 / 97.4 / 98.6
ALBEF 210M 14M 77.6 / 94.3 / 97.2 60.7 / 84.3 / 90.5 95.9 / 99.8 / 100.0 85.6 /97.5/ 98.9

X-VLM 216M 4M 80.4 / 95.5 /98.2 63.1 / 85.7 /91.6 96.8 / 99.8 / 100.0 86.1 / 97.4 / 98.7
X-VLM 216M 16M 81.2/ 95.6/ 98.2 63.4/ 85.8/ 91.5 97.1/ 100.0/ 100.0 86.9/ 97.3 / 98.7

Table 3. Results on downstream V+L tasks, including visual reasoning (VQA and NLVR2), visual grounding (RefCOCO+), and image
caption generation (COCO Caption). RefCOCO+ scores with� are evaluated in the weakly-supervised setting. COCO Captioning scores
with + are models optimized with CIDEr for the second stage of �ne-tuning.

Method VQA NLVR2 RefCOCO+ COCO Caption
test-dev test-std dev test-P vald testAd testBd BLEU@4 CIDEr

ViLBERT 70.55 70.92 - - 72.34 78.52 62.61 - -
VL-BERT 71.16 - - - 72.59 78.57 62.30 - -
VILLA 73.59 73.67 78.39 79.30 76.05 81.65 65.70 - -
SOHO 73.25 73.47 76.37 77.32 - - - - -
E2E-VLP 73.25 73.67 77.25 77.96 - - - 36.2 117.3
KD-VLP 74.20 74.31 77.36 77.78 - - - - -
UNITERlarge 73.82 74.02 79.12 79.98 75.90 81.45 66.70 - -
ALBEF(4M) 74.54 74.70 80.24 80.50 - - - - -
ALBEF(14M) 75.84 76.04 82.55 83.14 58.46� 65.89� 46.25� - -
METER-Swin 76.43 76.42 82.23 82.47 - - - - -
VinVL large (5.6M) 76.52 76.60 82.67 83.98 - - - 41.0+ 140.9+

METER-CLIP 77.68 77.64 82.33 83.05 - - - - -
SimVLMbase (1.8B) 77.87 78.14 81.72 81.77 - - - 39.0 134.8

X-VLM(4M) 78.07 78.09 84.16 84.21 80.17 86.36 71.00 39.8 /41.3+ 133.1 / 140.8+

X-VLM(16M) 78.22 78.37 84.41 84.76 84.51 89.00 76.91 39.9/ 41.0+ 134.0 / 140.3+

MSCOCO and Flickr30K (Plummer et al., 2015) datasets.
We adopt the widely used Karpathy split (Karpathy & Li,
2015) for both datasets. We optimizeL cl andL match and
�ne-tune the model for 10 epochs. In inference, we �rst
computes(I; T ) for all images and texts, and then take the
top-k candidates and calculatepmatch(I; T ) for ranking. Fol-
lowing ALBEF, k is set to 256 for MSCOCO and 128 for
Flickr30K.

Visual Question Answering(Goyal et al., 2017) It requires
the model to predict an answer given an image and a ques-
tion. Following the previous work (Cho et al., 2021; Li et al.,
2021a), we use a six-layer Transformer decoder to generate
answers based on the outputs of the cross-modal encoder.
We �ne-tune the model for 10 epochs. During inference,
we constrain the decoder to only generate from the 3,129
candidate answers to make a fair comparison with existing
methods.

Natural Language for Visual Reasoning(NLVR2 (Suhr
et al., 2019)) The task lets the model determine whether a
text describes the relations between two images. Follow-
ing ALBEF, we extend the cross-modal encoder to enable
reasoning over two images, and perform an additional pre-
training step for one epoch using the 4M images: given two
images and a text, the model assigns the text to either the
�rst image, the second image, or none of them. Then, we
�ne-tune the model for 10 epochs.

Visual Grounding The task (RefCOCO+ (Yu et al., 2016))
aims to locate the region in an image that corresponds to
a speci�c text description. Previous approaches formulate
grounding as a ranking task by relying on the region pro-
posals provided by pre-trained object detectors (Lu et al.,
2019; Su et al., 2020; Chen et al., 2020; Gan et al., 2020).
In contrast, X-VLM is able to directly predict the bounding
boxes of the target regions given images and text descrip-
tions. We also evaluate X-VLM on a weakly-supervised
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setting, proposed by ALBEF, in which case only image-text
pairs are available, and thus we �ne-tune X-VLM usingL cl

andL match ;

Image Captioning The task requires a model to generate
textual descriptions of input images. We evaluate X-VLM
on the COCO Captioning dataset (Chen et al., 2015). We
report BLEU-4 and CIDEr scores on the Karparthy test
split. To apply X-VLM for captioning, we do not need
to add a decoder. Instead, we simply adapt X-VLM to a
multi-modal decoder. Speci�cally, we train X-VLM with
language modeling loss for one epoch on 4M data. Then, we
�ne-tune it on the COCO Captioning dataset. Additionally,
following VinVL, we also report the results after applying
CIDEr optimization (Rennie et al., 2017) for the second
stage of �ne-tuning, which are denoted with+ .

4.4. Results on Image-Text Retrieval

Table 2 compares X-VLM with SoTA approaches on
MSCOCO and Flickr30K, which are based on either object-
centric features (i.e. UNITER and VinVL) or overall image
features (i.e. ALIGN, METER, and ALBEF). ALIGN (Jia
et al., 2021) is a dual-encoder model similar to CLIP (Rad-
ford et al., 2021) specially for image-text retrieval tasks,
which is trained on in-house 1.8B image-text pairs. Other
VLMs, including our approach, for more general purposes,
have a cross-modal encoder and thus use the output of the
cross-modal encoder for ranking.

Even though existing approaches either have more param-
eters or more training data, X-VLM under the 4M setting
outperforms all the previous methods by a large margin,
achieving new SoTA results. Speci�cally, X-VLM(4M)
which learns multi-grained vision language alignments out-
performs VinVL which is based on object-centric features.
In contrast, ALBEF which learns only image-text align-
ments outperforms VinVL only when increasing the training
data to 14M. Compared to METER-Swin (Dou et al., 2021)
which also uses Swin Transformer as the image encoder,
X-VLM has better performance. Furthermore, even though
X-VLM(4M) has already achieved very high performance
on the image-text retrieval tasks, we still obtain improve-
ments on R@1 when increasing the training instances to
16M. Additionally, Appendix A.3 shows that when increas-
ing the training data to 16M, X-VLM obtains substantial
improvements on zero-shot image-text retrieval. Moreover,
X-VLM also outperforms ALIGN on zero-shot MSCOCO
by a large margin.

Additionally, METER provides an empirical study of VLMs
and shows that the vision backbone (or parameter initializa-
tion) is important for the model performance. From Swin
Transformer to CLIP-ViT, METER improves signi�cantly
on both retrieval and VQA (Table 2 and 3). We also have
some preliminary observations and leave detailed studies of

different backbones of X-VLM for future work.

4.5. Results on Visual Reasoning

Table 3 shows experimental results on visual reasoning
(VQA and NLVR2). First, though ALBEF(14M) outper-
forms VinVL on image-text retrieval, the coarse-grained
approaches such as SOHO, METER-Swin, and ALBEF, all
have worse performances than VinVL in visual reasoning
tasks, except that METER-CLIP and SimVLM outperform
VinVL on VQA. Besides, VinVL also substantially out-
performs previous methods that rely on object detectors to
learn both object-level and image-level alignments, such as
E2E-VLP and KD-VLP.

Nevertheless, X-VLM(4M) with moderate model size and
pre-trained on fewer instances outperforms VinVL. Specif-
ically, X-VLM(4M) achieves absolute improvements of
1:52%on VQA and0:86%on NLVR2 (average on metrics)
over VinVL. Meanwhile, as reported in Li et al. (2021a),
X-VLM, which encodes images without an object detec-
tion process, enjoys� 10 times faster inference speed than
VinVL. The results indicate that our approach of X-VLM
is both effective and ef�cient. X-VLM also outperforms
SimVLMbase which is pre-trained on in-house 1.8B data,
especially on NLVR2.

4.6. Results on Visual Grounding

Table 3 reports the performance of X-VLM on RefCOCO+.
X-VLM(4M) achieves absolute improvements of4:5%com-
pared to UNITER. As aforementioned, previous approaches
formulate grounding as a ranking task by relying on the
region proposals provided by object detectors. In contrast,
X-VLM is able to directly predict the target boxes, which is
much simpler and more ef�cient. Furthermore, X-VLM for
general V+L purposes outperforms MDETR (Kamath et al.,
2021) specialized for visual grounding tasks. X-VLM(4M)
using the same set of image annotations achieves absolute
improvements of1:1% (average on metrics), compared to
MDETR.

We also evaluate X-VLM in the weakly-supervised
setting, proposed by ALBEF. X-VLM(4M) obtains
68.46/76.53/57.09 for vald/testAd/testBd respectively,
achieving an absolute improvement of10:5% (average on
metrics) compared to ALBEF(14M). When increasing pre-
training images to 16M, X-VLM obtains 77.26/84.11/67.13.

Figure 3 provides a few examples of images from the test
set of RefCOCO+. For the supervised setting, we show
the bounding boxes predicted by X-VLM given the text
descriptions. For the weakly-supervised setting, following
ALBEF, we provide the Grad-CAM visualization, which
uses the cross-attention maps in the fourth layer of the cross-
modal encoder. The visualization examples show that X-
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Figure 3.Grad-CAM visualization and bounding box prediction on unseen images. X-VLM predicts correct regions even though the
textual descriptions only differ in a single word. X-VLM can also align each word in the text to the corresponding image region. Appendix
A.4 gives more examples, showing X-VLM's superior ability of multi-grained vision language alignments.

Table 4. Ablation study results. Models w/o object and w/o region are ablated variants where the model is training without concepts of
object and region respectively. Model w/o bbox loss is the variant where bounding box prediction is ablated. Model w/o all represents that
all the above components are ablated.

Meta-Sum MSCOCO Flickr30K VQA NLVR2 RefCOCO+
TR IR TR IR test-dev test-P testAd testBd

X-VLM 605.0 78.8 60.6 96.0 84.1 76.20 82.42 72.07 54.84

w/o object 603.5 77.4 60.4 95.0 83.7 75.87 82.10 73.37 55.69
w/o region 596.0 76.8 60.2 96.0 83.6 75.84 82.20 70.73 50.60
w/o bbox loss 594.9 77.5 60.2 95.7 83.5 76.77 81.49 69.32 50.38
w/o all 580.6 74.5 57.9 95.6 82.8 74.90 80.70 67.79 46.43

VLM has a strong ability of cross-modal understanding. It
successfully predicts the correct regions in images, even
though the text descriptions only differ in a single word.
Furthermore, X-VLM can align each word in the text to the
corresponding image region. We provide more examples in
Appendix A.4, showing X-VLM's superior performance in
vision language alignment.

4.7. Results on Image Captioning

We show that X-VLM, usually considered as an “encoder-
only” model, has comparable performance with SoTA gen-
erative methods on image caption generation, as indicated in
Table 3. Speci�cally, X-VLM pre-trained on 16M instances
performs similarly to SimVLM which uses not only 1.8B
in-house image-text pairs but also a large-scale text corpus.

Besides, we observe that CIDEr optimization largely boosts
the CIDEr scores. X-VLM in moderate model size also has
comparable performance to VinVLlarge .

4.8. Ablation Study

We also conduct an in-depth ablation study to investigate
the role of different components in the X-VLM, as shown
in Table 4. All compared model variants are trained on
4M images for 80K steps with a batch size of 3072 to en-
sure a fair comparison. We use Recall@1 as an evaluation
measure in the retrieval tasks and Meta-Sum as a general
measure. We report RefCOCO+ evaluation results in the
weakly-supervised setting.

First, we evaluate the effectiveness of visual concepts in
different granularities, i.e. w/o object and w/o region. The


