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Abstract

Cross-task generalization is an important abil-
ity for few-shot learners to achieve better zero-
/few-shot performance on diverse tasks. How-
ever, such generalization to vision-language
tasks including grounding and generation tasks
has been under-explored. Furthermore, exist-
ing few-shot VL models struggle to handle
tasks that involve object grounding and multi-
ple images such as visual commonsense reason-
ing (Zellers et al., 2019) or NLVR2 (Suhr et al.,
2019). In this paper, we introduce GRILL,
GRounded vIsion Language aLigning, a novel
VL model that learns object grounding and lo-
calization in pre-training and can adapt to di-
verse grounding tasks with no or very few train-
ing instances. Specifically, GRILL exploits
object-text alignments and learns to ground ob-
jects in pre-training, which enables it to trans-
fer to tasks such as referring expression com-
prehension (Mao et al., 2016) and visual com-
monsense reasoning (Zellers et al., 2019) in a
zero-/few-shot fashion. We evaluate our model
on various zero-/few-shot VL tasks and show
that it consistently surpasses the state-of-the-art
few-shot methods.

1 Introduction

Cross-task generalization has been explored and
investigated on zero-/few-shot NLP tasks by per-
forming multi-task learning and generalizing un-
seen tasks with task-specific prompts (Sanh et al.,
2021) or pre-training huge language models on
a massive dataset and using a few examples as
demonstrations for generalization (Brown et al.,
2020). Similarly, few-shot learning methods aim
to leverage the pre-trained language models and
their powerful generalization abilities to adapt to
vision-language (VL) domains and learn new tasks
from zero or a few examples (Tsimpoukelli et al.,
2021; Radford et al., 2021; Jin et al., 2021; Alayrac
et al., 2022).

While few-shot learning methods can overcome
the challenges of data-hungry supervised learning
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Figure 1: Examples of inputs and outputs of our
task setup. GRILL can generalize to diverse VL tasks
including grounding tasks in a zero-/few-shot manner.

and avoid the need for task-specific fine-tuning,
existing few-shot VL learners do not address the
challenge of grounding tasks that require not only
understanding the image and the language, but also
locating and identifying relevant regions or objects
in images, such as visual commonsense reasoning
(VCR) (Zellers et al., 2019), where the model has to
reason about the actions, intentions, and emotions
of agents in the image; or Flickr30k-entities (Plum-
mer et al., 2015), where the model has to align
the mentions of entities in the captions with their
corresponding regions in the image. These tasks
are essential for VL models to achieve human-like
reasoning and understanding. However existing
few-shot methods lack the skills to address the chal-
lenge, as they do not explicitly model the spatial
and visual information of the regions or objects.
On the other hand, existing fine-tuning methods
for grounding tasks rely on special representations
for regions or objects, such as special tokens that
mark the regions or objects in the captions and the
images (Cho et al., 2021); object features extracted
from a pre-trained object detector (Su et al., 2020;



Chen et al., 2019) and concatenated with the image
features, etc. These methods achieve good results
with fine-tuning, but they are not compatible with
zero-/few-shot learning, due to the different designs
of object representation for each task and the de-
pendence on external object detectors that may not
cover all the relevant concepts.

In this paper, we introduce GRILL, GRounded
vIsion Language aLLigning, a new VL model that
can learn object grounding and localization dur-
ing pre-training and generalize to a wide range
of VL tasks including grounding tasks in a zero-
/few-shot fashion. Our model is a sequence-to-
sequence transformer model (Vaswani et al., 2017)
that uses a vision transformer (ViT) (Dosovitskiy
etal.,2021; Liu et al., 2021) to process images with
patch embeddings, where each patch represents a
fixed-size region of the image. We represent a vi-
sual concept (object or region) that corresponds
to a group of patches by aggregating information
across the patches. This enables our model to gen-
erate better representations for any kind of regions
or images without relying on pre-trained object
detectors, which may be noisy, incomplete, or bi-
ased. We construct our pre-training dataset from
MS-COCO (Lin et al., 2014; Chen et al., 2015)
and Visual Genome (Krishna et al., 2017), where
each caption contains images or bounding boxes
within them, which provide rich and diverse infor-
mation for the model to learn object grounding and
localization. Given the dataset, we pre-train our
model with prefix language modeling (PrefixLM)
and masked language modeling (MaskedLLM) ob-
jectives, which encourage the model to generate
natural language from images and fill in the miss-
ing words in captions, respectively; and a discrim-
inative objective, which encourages the model to
distinguish between correct and incorrect captions
for the same image.

We test our GRILL on 7 zero-/few-shot
vision-language tasks including Visual Com-
monsense Reasoning (VCR) (Zellers et al.,
2019), RefCOCOg (Mao et al., 2016), Flickr30k-
entities (Plummer et al., 2015), NLVR2 (Suhr et al.,
2019), SNLI-VE (Xie et al., 2019), visual ques-
tion answering (Goyal et al., 2017), and Flickr30k
captioning (Young et al., 2014). We observe that
our model demonstrates better zero-/few-shot gen-
eralization on diverse tasks compared to baselines.
We also notice that the discriminative objective and
hybrid sequences in pre-training are vital for better
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Figure 2: Illustration of GRILL. Our model is a
sequence-to-sequence transformer that uses a vision
transformer (ViT) (Dosovitskiy et al., 2021; Liu et al.,
2021) to process images with patch embeddings, where
each patch represents a fixed-size region of the image.
We replace the referring words with the corresponding
visual patches.

sitting

on a <text_1> &?ﬂﬁ
) Lel

zero-/few-shot performance.

2 Generalization to Diverse Grounded
Visual-language Tasks

Various VL tasks require phrase and object ground-
ing and their task formats are different, which
makes few-shot models challenging to generalize.
In this work, we introduce a model that can gener-
alize to grounded VL tasks with no or a few labeled
examples. We first introduce the background, for-
mal problem definition, and challenges.

2.1 Background: Visual Grounding

Visual grounding refers to the ability to link lin-
guistic concepts (sentences, phrases, or words)
to visual concepts (images and regions) (Chandu
et al., 2021). Here we consider two types of visual
grounding: image grounding and object grounding.

Image grounding refers to the linking of textual
concepts to image concepts (Chandu et al., 2021).
In this work, we consider image grounding as link-
ing any type of text including sentences, phrases,
and words to an entire image (e.g., image caption-
ing, and image retrieval). Given an image and
a corresponding caption, object grounding aims
to localize objects in the image as mentioned by
a noun phrase in the caption (or the entire cap-
tion sentence). Such object grounding occurs at
word, phrase, and sentence levels in the language
modality. Many VL tasks require object grounding
implicitly or explicitly and we consider tasks that
explicitly require localization as object grounding
tasks. Referring expression comprehension (Re-
fCOCOg (Mao et al., 2016)), phrase grounding
(Flickr30k-entities (Plummer et al., 2015)), and vi-



sual commonsense reasoning (Zellers et al., 2019)
are examples of localization tasks

2.2 Problem Formulation

In this work, we re-formulate the widely used pre-
training task for image-caption datasets such that
each caption may have one or more images in-
cluding bounding boxes or regions in itself as a
part of the text, denoted by (7', {V;}"), in addi-
tion to the associated images. Note that some cap-
tions may not have images in themselves, N = 0.
We refer to learning on the captions with images
grounded learning. For pre-training, a VL model is
pre-trained on image-caption datasets where cap-
tions include images or bounding boxes. For zero-
shot tasks, the pre-trained model £ cannot access
training data Dy,..;, and validation data D,,,;. We
directly evaluate the model on the test data Dyes;.
For few-shot tasks, the model has access to K in-
stances of training data for fine-tuning. For hyper-
parameter tuning and model selection, we assume
validation data D,,,; which has an equal number of
instances to D;,qin to simulate a real-world low-
resource environment and compose the validation
data from training data. The sizes of Dyyq;, and
Dyq; are 32 in our study.

Challenges Our goal is to pre-train a VL model
that seamlessly transfers to various tasks not lim-
ited to visual commonsense reasoning, referring
expression comprehension, and phrase grounding
in a zero-shot or few-shot manner. Different tasks,
especially grounding tasks, have different input
and output formats, and thus the main challenge of
this work is to generalize the zero-/few-shot abil-
ity to diverse tasks. Existing works on grounding
tasks introduce special representations to depict
regions such as special tokens (Cho et al., 2021)
or object representations by an object detector (Su
et al., 2020; Chen et al., 2019). While these works
perform well on grounding tasks via expensive fine-
tuning on labeled data, they have to design differ-
ent object representations for different task formats.
This makes it difficult to generalize to new tasks in
a zero-shot fashion. For example, the object rep-
resentations from an object detector are difficult
to transfer to a task that refers to multiple images
such as NLVR2 (Suhr et al., 2019). In this work,
we tackle these challenges by introducing patch
embeddings to represent objects, regions, and im-
ages; and pre-training our model with grounded
sequences that contain captions and multiple im-

ages per caption.

3 Pre-training for Better Cross-Task
Generalization

In this section, we introduce GRILL, a few-shot
VL model for jointly learning contextualized repre-
sentations from vision and language tasks. We first
present an overview of GRILL (§3.1), our model
architecture (§3.2), pre-training objectives (§3.3),
and pre-training data (§3.4) in this section.

3.1 Overview

We propose GRILL, a new VL model that can
learn object grounding and localization in pre-
training and generalize to a wide range of VL tasks
including grounding tasks in a zero-/few-shot man-
ner. Our model is a sequence-to-sequence trans-
former (Vaswani et al., 2017) and takes a hybrid
sequence, denoted by (I,T,{V;}V), consisting of
text T', an image I and visual concepts or regions
{V;}¥ as input and the output is a text sequence.
We represent an input image with image patches
by vision transformer (Dosovitskiy et al., 2021;
Liu et al., 2021) and represent a region that cor-
responds to a set of patches by aggregating infor-
mation among the patches. Given sequences with
paired text outputs, we pre-train our model with
prefix language modeling, masked language model-
ing, and a discriminative objective. We discuss how
we create the hybrid sequences from image-caption
datasets in §3.4.

3.2 Model Architecture

We adopt an encoder-decoder architec-
ture (Vaswani et al., 2017) to encode visual
and text inputs to generate target text. We represent
an input image with a sequence of image patches
by a vision transformer (Dosovitskiy et al., 2021;
Liu et al., 2021). We adopt Swin transformer (Liu
et al., 2021) as our vision transformer. It first splits
an image into non-overlapping patches and linearly
embeds all patches. Then, these patches are passed
to the transformer layers, yielding {v1, ..., v }.
For an image of resolution of 224 x 224 and patch
size of 32 x 32, we have m = 49. We assume that
v; encodes the information of the corresponding
patch p;. Therefore, we represent a visual concept
(object or region) V; that corresponds to a set
of patches by aggregating information among
the patches as shown in Figure 2. In addition,
the entire patch representations are fed into the
encoder by appending them to the text to encode
the whole image. We train the model parameters 6
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Figure 3: Pre-training objectives. We illustrate our
pre-training objectives. We include masked language
modeling, prefix language modeling, and the discrimi-
native objective as our pre-training objectives.

by minimizing the negative log-likelihood of target
text y tokens given input text x and image v:
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3.3 Pre-training Objectives

Given images and captions with regions, we
pre-train the models with prefix language mod-
eling (PrefixLM), masked language modeling
(MaskedlLM), and a discriminative objective. We
aim to learn grounding and localization through
pre-training. Note that our model takes an image
and text with regions as inputs and generates target
text. In addition to the hybrid sequences, we also
include raw text and raw images as our pre-training
data. Fig. 3 illustrates the pre-training objectives.
Prefix language modeling. We include prefix lan-
guage modeling (PrefixLM) following (Raffel et al.,
2020; Jin et al., 2021). The objective randomly
splits the text with regions input into two separate
sequences. The first part may contain regions and
is used as an input with an image to the encoder,
and the second part does not contain regions and
is used as target text to be generated by the de-
coder. The target text is not allowed to have region
representations since our model generates text only
Masked language modeling. Masked language
modeling (Cho et al., 2021; Jin et al., 2021) is to
mask out random spans with numbered sentinel
tokens, e.g., <text_ 1>, and then the masked se-
quence is fed into the encoder. Then the decoder
generates the masked spans as target text. We ran-
domly mask 15% of input text tokens and replace
them with sentinel tokens. Note that the input se-
quence may include region representations in ad-
dition to a paired image and the region representa-
tions are not allowed to be masked.

Discriminative objective. This discriminative ob-
jective is important so that our model can do clas-
sification tasks where it has to determine whether
the given sequence is correct or not. Thus, we pre-
train GRILL with the discriminative objective and
the model generates target texts, “true” for positive
pairs and “false” for negative pairs. We consider
an image and its captions with associated regions
(if any) as positive pairs. With a probability of
50%, we replace the referring words with random
region representations from the given image and
treat this as a negative pair. The negative samples
let the model learn the correct bindings of referring
words and corresponding regions. For the raw text
and raw image pairs, we randomly sample another
training caption to create a negative pair.

3.4 Pre-training Data

To pre-train GRILL, we collect image-caption data
from MS COCO (Lin et al., 2014; Chen et al.,
2015) and Visual Genome (VG) (Krishna et al.,
2017). The pre-training datasets contain 9.18M
image-text pairs and 180K distinct images. From
the image-caption pairs, we create our dataset for
grounded image-caption pre-training, where each
caption may have one or more region representa-
tions. We also include raw text and raw images
as our pre-training data. To obtain captions with
region representations, we introduce object-word
alignments representing correspondence between
words and objects. Given the object-word align-
ments, we replace words in a caption with a corre-
sponding region representation so that the caption
has a region representation as a substitute for the
aligned word. With the object-word alignments,
we prepare our dataset for pre-training. In addition,
we include region descriptions and the aligned re-
gions as hybrid sequences in Visual Genome for
our pre-training.

3.4.1 Object-word Alignments

Given image-caption pairs, the process of getting
object-word alignments consists of three steps: (1)
object detection on images, (2) object tag-word
matching, and (3) object-word alignments. We
illustrate the process in Fig. 4.

Object detection on images. The first step is to de-
tect objects in images and tags for the objects. We
use the state-of-the-art object detector (Zhang et al.,
2021) to get object bounding boxes and tags, yield-
ing {(V1,01), ..., (Vim, l;m) } where V; is a bounding
box and [; is a tag for the box. Given the set of
tags {l1, ..., L }, we find correspondence between
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Figure 4: Object-word alignments.To create pre-
training data, we use object-word alignments which
is to replace referring words with corresponding bound-
ing boxes.

the tags and words {wj, ..., wy, } in a caption in the
next step.
Object tag-word matching. The second step
is basically to find similar words between tags
{l1,...,ln} and words {wy,...,w,}. We define
rules to find similar words as follows:

» Exact token matching

* Plural - Singular exact token matching

* Word vector similarity (Mikolov et al., 2013)

* WordNet Synonyms (Miller, 1995)
If one of the rules is satisfied, then we mark them
as aligned tags and words {(/;, w;)}. Note that a
word can be matched to multiple tags.
Object-word alignments. In the last step, we
find alignments between object bounding boxes
and words {(0;,w;)} given the alignments be-
tween tags and words {(;,w;)} and an object list
{(01,11), -, (Om, L) }. We simply find the object-
word alignments since each tag is mapped to each
bounding box, yielding {(o;,l;, w;)}. However,
note that some object bounding boxes share the
same object tag; thus the alignments can include
noisy correspondence between object boxes and
words. We run CLIP (Radford et al., 2021) be-
tween aligned words and objects to find the most
plausible alignment.

4 [Experiments
4.1 Experiment Details

For pre-training, we use 1,280 batch size for
GRILL and set learning rate 1e-4 with 5% linear
warmup in pre-training. For the few-shot setting,
we train models with 100 epochs and learning rate
le-4, and choose the best checkpoint on the valid
set. The model size of GRILL is 310M parame-
ters. For baselines, we use their official codes to

get zero-shot and few-shot performance.

4.2 Evaluation Setup

To evaluate few-shot performance, we randomly
sample 5 different training and dev splits and mea-
sure the average performance on the 5 splits. We
fine-tune the vision-language models with 100
epochs for the few-shot setup and choose the best
checkpoint on the dev set. We report the model per-
formance on the test set for RefCOCOg, NLVR2,
Flickr30k-entities, SNLI-VE, and Flickr30k cap-
tioning (Karpathy split (Karpathy and Li, 2015)),
and the validation set for VCR and VQAvV2. We
adopt accuracy for VCR, RefCOCOg, SNLI-VE,
NLVR2, and VQA datasets; Recall@1,5,10 for
Flickr30k-entities; and CIDEr (Vedantam et al.,
2015) as evaluation metrics for captioning.

4.3 Baselines

For baselines, we include existing VL models:
UNITER4,4c (Chen et al., 2019), VL-T5 (Cho
etal., 2021), GLIP-L (Li et al., 2022; Zhang et al.,
2022), MDETR-ENB3 (Kamath et al., 2021); and
few-shot VL. models: FewVLM (Jin et al., 2021),
Flamingo (Alayrac et al., 2022), and CPT (Yao
et al., 2021). We exclude VQA datasets for VL-T5
for fair comparisons and pre-train the model us-
ing their code. Parameter sizes of each model are
303M for UNITER g, 224M for VL-T5, 231M
for GLIP-L, 152M for MDETR, 224M and 740M
for FewVLMys. and FewVLM,;4¢, 3B and 80B
for Flamingo, and 113M for CPT.

4.4 Downstream Tasks and Datasets

In this section, we compare our GRILL on a di-
verse set of 7 downstream tasks. We mainly fo-
cus on tasks that require phrase/object grounding:
Visual Commonsense Reasoning, referring expres-
sion comprehension, and phrase grounding. Addi-
tionally, we evaluate our model on SNLI-VE, VQA,
and captioning. VQA and captioning require gen-
eration for our method, while other datasets are
classification tasks.

Visual Commonsense Reasoning (VCR) Visual
Commonsense Reasoning (VCR) (Zellers et al.,
2019) is a multiple-choice question-answering task
that requires commonsense reasoning between ob-
jects in images. The task is decomposed into two
sub-tasks, question answering (Q — A) and ratio-
nale prediction (QA — R). In the holistic setting (Q
— AR), models have to predict answers and ratio-
nales. Following VL-T5 (Cho et al., 2021), we rank
the choices with P(true)/(P(true) + P(false)).



\ . \ VCR RefCOCOg Flickr30k-entities NLVR2 SNLI-VE VQAv2 Flickr30k
Method Size

\ \ Q—A QA—-R Q—AR Acc R@1 R@5 R@I0 Acc Acc Acc CIDEr
Random - 25.0 25.0 6.3 19.0 6.5 27.7 47.8 50.0 333 0.0
UNITERarge | 303M 32.6 26.1 8.7 10.0 - - - 49.1 17.9 0.0 -
VL-T5 224M 28.2 27.5 8.2 0.0 0.0 0.0 1.1 48.7 - 13.5 4.4
FewVLMygse 224M 25.9 25.4 6.5 0.0 0.0 0.0 0.0 50.6 - 434 31.0
FewVLMarge | 740M 27.0 26.1 7.4 0.0 0.0 0.0 0.0 51.2 - 47.7 36.5
GRILL | 310M | 40.6 39.3 16.2 47.5 189 534 70.3 56.1 46.9 423 25.6

Table 1: Zero-shot results. We report performance on downstream tasks without any training data. Our model

surpasses all baselines on classification tasks.

Method | Size | VCR RefCOCOg Flickr30k-entities NLVR2 SNLI-VE VQAv2 Flickr30k
| |Q—+A QA—=R Q—AR Acc R@l R@5 R@10 Acc Acc Acc CIDEr
Random - 25.0 25.0 6.3 19.0 6.5 27.7 47.8 50.0 333 0.0
UNITER4rge | 303M 29.1 28.6 8.4 45.4 - - - 58.5 40.7 242 -
VL-T5 224M 29.7 28.0 8.7 56.9 488 728 78.6 48.7 - 35.6 18.9
FewVLMpase | 224M 29.1 28.4 8.5 16.0 42 18.7 31.7 50.3 - 47.8 37.5
FewVLMgrge | 740M 30.0 30.1 9.3 17.4 5.1 22.7 38.0 51.3 - 52.3 38.4
GRILL | 310M | 411 40.4 16.7 48.1 254 613 76.0 56.2 48.4 46.8 37.1

Table 2: Few-shot results. We report performance on downstream tasks with 32 labeled examples for fine-tuning.

and choose the one with the highest score. VCR
provides bounding boxes around entities, with ex-
plicit groundings between those entities and refer-
ences in questions.

Referring Expression Comprehension Referring
expression comprehension is to localize an object
given a referring expression. We adopt the Ref-
COCOg dataset (Mao et al., 2016) for this task.
We present a referring phrase and candidate re-
gions from the image to our model; and our model
finds the most plausible region to the given phrase
by ranking the regions with P(true)/(P(true) +
P(false)). Following VL-T5 (Cho et al., 2021),
we use Mask R-CNN (Anderson et al., 2018) to
find region detections as candidates for inference.
We consider the selected region to be correct if
its intersection over union (IoU) with the ground
truth region is greater than 0.5. The upper bound
performance on the test set by the Mask R-CNN
is 86.09%. We get the performance of the random
predictor by randomly choosing the bounding box
from the object detector.

Phrase Grounding Given one or more phrases,
phrase grounding is to provide a set of bound-
ing boxes for each phrase. We use the Flickr30k-
entities dataset (Plummer et al., 2015) for this
task. Following BAN (Kim et al., 2018) and
VisualBERT (Li et al., 2019), we adopt Faster
R-CNN (Ren et al., 2015) pre-trained on Visual
Genome to detect regions as candidates for infer-
ence. The predicted region is correct if its inter-
section over union (IoU) with the ground-truth re-
gion is greater than 0.5. The upper bound per-

formance on the test set by the Faster R-CNN is
87.45%. Similar to Refcoco, we pass a referring
phrase and candidate regions from the image to
our model; and our model finds the most plausible
region to the given phrase by ranking the regions
with P(true)/(P(true) + P(false)). We use the
any-box-protocol from MDETR (Kamath et al.,
2021).

NLVR2 The task of NLVR2 (Suhr et al., 2019) is to
determine whether a text description is true given
two images. The task requires understanding two
images and comparing them. To apply our model
to this task, we create one image by concatenating
the two images, and then our model generates text
labels “true” and “false” for inference.

Visual Entailment Visual entailment, SNLI-
VE (Xie et al., 2019) is to determine whether the
image semantically entails the text given an image-
sentence pair. The task is a 3-way classification
where labels are “entailment”, “neutral”, and “con-
tradiction.” We define label words for the classifi-
cation as “entailment”: “true”, “neutral”: “maybe”,
“contradiction”: “false.” We choose the classifi-
cation label by measuring the probability of each

word and picking the highest one.

Visual Question Answering The visual question
answering task (Goyal et al., 2017) requires mod-
els to answer a question to a given context image.
We approach the visual question answering task as
a generation task so that the model can produce
the answers without introducing any task-specific
heads as in (Jin et al., 2021; Cho et al., 2021). We
adopt the following input prompt, “question: {ques-



Size ‘RefCOCOg Flickr30k-entities

Method }

[ 0 32 o0 32
Random - | 190 190 65 65
UNITER g (Chen et al., 2019) 303M | 100 454 - -
VL-T5 (Cho et al., 2021) 224M | 00 569 00 48.8
FewVLMjqyge (Jin et al., 2021) 74M | 00 174 00 5.1
CPT (Yao etal., 2021) (Yaoetal, 2021) | 113M | 365 - - -
MDETR-ENB3 (Kamath et al., 2021) 152M | 540 - 848t
GLIP-L (Li et al., 2022; Zhang et al., 2022) | 231M | - 87.1¢ -
GRILL | 310M | 475 481 189 254

Table 3: Results on RefCOCOg and Flickr30k-
entities with 0 and 32 examples. We report recall@1
for Flickr30k-entities. TThis model used the RefCOCOg
dataset in the pre-training. *These models used the
Flickr30k-entities dataset in the pre-training while ours
did not.

Model

Random - 0.0 0.0
UNITER4;4¢ (Chen et al., 2019) 303M | 0.0 24.2
VL-T5 (Cho et al., 2021) 224M | 135 35.6
FewVLM;4ge (Jin et al., 2021) 740M | 47.7 523
Flamingo-3B (Alayrac et al., 2022) 3B 49.2 57.1
Flamingo-80B 80B 56.3 67.6

GRILL | 310M | 423 4638

Table 4: VQA results with 0 and 32 examples. We
report zero-/32-shot performance on the VQAv?2 dataset.
Flamingo has 3B or 80B parameters and uses in-context
examples for inference while our model has 310M pa-
rameters and use the examples for fine-tuning.

‘ size ‘O-Shﬂt 32-shot

tion} answer: <text_1>) where <text_1>is
a sentinel token, from (Jin et al., 2021) for the gen-
eration.

Captioning The captioning task is to generate a
caption given an image. In Flickr30k (Young et al.,
2014), we use “an image of” as our input prompt
from (Jin et al., 2021).

4.5 Results

Zero-shot performance. We evaluate the exist-
ing models in a zero-shot manner, where models
do not have access to any training data. Table 1
shows the performance on diverse tasks. Note that
VCR, RefCOCOg, NLVR2, Flickr30k-entities re-
quire phrase or region grounding. Firstly, GRILL
shows the best performance on all the grounding
tasks while baselines show worse performance than
the random predictor on many of the grounding
tasks. This suggests that competitors have difficulty
generalizing to grounding tasks that need phrase
or region grounding in a zero-shot way. On Ta-
ble 3, we additionally include baselines, GLIP-L
and MDETR-ENB3, that are targeted for ground-
ing tasks. These models include the correspond-
ing task-specific datasets in pre-training so they
demonstrate great performance without additional
fine-tuning. Note that we do not include task-

specific datasets in the pre-training. Our method
also exhibits decent performance on VQAv2 and
Flickr30k captioning. By comparing Flamingo, a
3B or 80B-sized vision-language model, our model
demonstrates good accuracy considering our model
size. On Flickr30 captioning, our model underper-
forms FewVLMy,s. which is a bit smaller model
than ours.

Few-shot performance. We observe interesting
results on few-shot performance (Table 2). We use
32 labeled examples in total for fine-tuning. While
our model, GRILL, improves the performance on
all the tasks, baseline methods outperforms our
model on RefCOCOg and Flickr30k-entities un-
like zero-shot results. We conjecture that baseline
methods include the phrase grounding task in their
pre-training, so they achieves good performance.
However, the models still struggle on the VCR task,
while our model surpasses the models on the task.
Interestingly, our model achieves the comparable
result to FewVLM on the Flickr30k captioning on
the few-shot setup.

4.6 Ablations

Here, we study ablations for our method. Table 5
and Fig. 5 show the ablations on the pre-training
objectives and hybrid sequences, and different in-
put formats during inference on the zero-shot setup,
respectively.

Pre-training objectives and hybrid sequences.
Firstly, we study the ablation of pre-training ob-
jectives and hybrid sequences in pre-training. On
Table 5. our model without hybrid sequences af-
fects the performance a lot on many tasks. Specifi-
cally, results on RefCOCOg and Flickr30k-entities
are significantly degraded suggesting that hybrid
sequences in pre-training play a vital role in im-
proving grounding. Among pre-training objectives
in GRILL, we notice that the discriminative objec-
tive is important for the results. We conjecture that
the tasks in the table are classification tasks so the
discriminative objective is the most useful for the
tasks.

Input formats for inference. We investigate the
input formats during inference on Fig. 5. On VCR,
we replace the referring words with bounding boxes
for text input (hybrid sequences), or we do not re-
place them and use original text input (original se-
quences). On NLVR2, we replace the “left” word
with the left image and the “right" word with the
right image (hybrid sequences), or we do not re-
place them and use the original text input (original).



Model VCR Ref: — NLVR2  Flickr30k-
COCOg i
entities
Zero-shot
GRILL 16.2 47.5 56.1 18.9
No hybrid sequences 12.9 18.9 55.7 5.7
No discriminative 6.8 30.5 50.4 12.7
No PrefixLM 144 48.5 55.8 18.5
No MLM 15.6 47.8 56.0 19.3
32-shot
GRILL 16.7 474 56.2 25.4
No hybrid sequences 14.3 16.3 55.9 18.7
No discriminative 72 42.0 50.5 153
No PrefixXLM 14.7 48.7 55.9 21.9
No MLM 16.3 47.9 56.1 23.5

Table 5: Ablations on the pre-training objectives and
hybrid sequences in pre-training. We report Q — AR
for VCR, and R@1 for Flick30k-entities.
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Figure 5: Performance with different input formats
for inference on the zero-shot setup. We report Q —
AR for VCR, and R@]1 for Flick30k-entities.

On Flickr30k-entities, we do the same thing as
on VCR (hybrid sequences), or we use the refer-
ring words and bounding boxes for model input
(original). Counter-intuitively, we observe that our
model with original input formats during inference.
shows better performance on all the datasets. We
conjecture that introducing the grounding informa-
tion may disturb the model predictions since the
model needs to judge whether the grounding infor-
mation is correct or not. We leave the sophisticated
design for future work.

5 Related Work

Vision-language few-shot learning. There have
been attempts to address the challenge of data-
hungry supervised learning in vision-language do-
mains: FewVLM (Jin et al., 2021), Frozen (Tsim-
poukelli et al., 2021), Flamingo (Alayrac et al.,
2022), GLIP (Li et al., 2022; Zhang et al., 2022),
FewVLM (Jin et al., 2021) improves the few-shot
performance of VQA and captioning by prompt-
ing the model and its performance is on par with
large few-shot learners. Frozen (Tsimpoukelli et al.,
2021) adapts a few-shot language model (Radford
et al., 2019) to vision-language tasks with soft
prompting for images. Flamingo (Alayrac et al.,

2022) achieves state-of-the-art results on few-shot
VQA and captioning tasks by prompting the model
with task-specific examples. While these models
achieve improvement on few-shot tasks, they are
not applicable to grounding tasks. Lastly, GLIP (Li
et al., 2022; Zhang et al., 2022) unifies object detec-
tion and phrase grounding and it achieves great per-
formance on zero-shot object detection and phrase
grounding tasks. Unlike our method, GLIP used
grounding datasets including Flickr30k-entities in
pre-training so it achieved great performance on the
phrase grounding without fine-tuning. Our method
is not applicable to object detection since it requires
bounding box regression. We leave this extension
for future work.

Grounded Vision-language Learning. Grounded
vision-language learning has been explored to learn
grounding between objects in images and phrases
in sentence (Li et al., 2020; Zhang et al., 2021;
Kamath et al., 2021; Li et al., 2022; Zhang et al.,
2022). MDETR is a modulated detector that de-
tects objects in an image conditioned on a raw
text query (Kamath et al., 2021). The model
exhibits remarkable results on object detection,
phrase grounding, and referring expression com-
prehension by pre-training the model on object de-
tection data. GLIP followed a similar direction and
it unifies object detection and phrase grounding (Li
et al., 2022; Zhang et al., 2022). While the methods
rely on object detection datasets to improve ground-
ing, our method utilizes grounded sequences from
image-caption datasets and an object Our model
does not only work on grounding tasks but also on
visual question answering and captioning tasks.

6 Conclusion

In this work, we proposed GRILL, a new VL
model that can learn object grounding and localiza-
tion during pre-training and generalize to a variety
of VL tasks including grounding tasks. Our model
is a sequence-to-sequence transformer model that
uses a vision transformer for versatile image pro-
cessing on zero-shot tasks. To pre-train our model,
we introduced our dataset using object-word align-
ments and pre-train it with masked language mod-
eling, prefix language modeling, and the discrim-
inative objective. On the empirical analysis, we
observed that our model demonstrated good zero-
/few-shot generalization on diverse tasks. We also
observed that the discriminative objective and hy-
brid sequences in pre-training were vital for better
zero-/few-shot performance.
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