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Abstract

Multi-modal Large Language Models (MLLMs) have
shown remarkable capabilities in various multi-modal tasks.
Nevertheless, their performance in fine-grained image un-
derstanding tasks is still limited. To address this issue, this
paper proposes a new framework to enhance the fine-grained
image understanding abilities of MLLMs. Specifically, we
present a new method for constructing the instruction tun-
ing dataset at a low cost by leveraging annotations in ex-
isting datasets. A self-consistent bootstrapping method is
also introduced to extend existing dense object annotations
into high-quality referring-expression-bounding-box pairs.
These methods enable the generation of high-quality instruc-
tion data which includes a wide range of fundamental abili-
ties essential for fine-grained image perception. Moreover,
we argue that the visual encoder should be tuned during
instruction tuning to mitigate the gap between full image
perception and fine-grained image perception. Experimen-
tal results demonstrate the superior performance of our
method. For instance, our model exhibits a 5.2% accu-
racy improvement over Qwen-VL on GQA and surpasses
the accuracy of Kosmos-2 by 24.7% on RefCOCO val. We
have also attained the top rank on the leaderboard of MM-
Bench. This promising performance is achieved by train-
ing on only publicly available data, making it easily re-
producible. The models, datasets, and codes are publicly
available at https://github.com/SY-Xuan/Pink.

1. Introduction

Large Language Models (LLMs) [2, 29, 30, 34] show im-
pressive capabilities across a wide range of natural language
tasks. These inspiring results have motivated researchers
to extend LLMs to Multi-modal Large Language Models

*This work was done during the internship of the first author at Ant
Group.
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Figure 1. With fewer trainable parameters and less training data,
Pink achieves the best performance on both conventional multi-
modal tasks and RC tasks. “#Trainable Param.”, “#PT Data”, and
“#IT Data” indicate the number of trainable parameters, the number
of samples in pre-training and instruction tuning stage, respectively.

(MLLMs) by integrating additional modalities, e.g., image,
audio, or point cloud. Visual instruction tuning [6, 19, 43],
using high-quality image-text instruction tuning data, allows
the incorporation of visual comprehension ability into LLMs
by projecting visual features into the natural language space
of the LLMs [44]. Powered by those methods, existing
MLLMs are capable of basic image-level comprehension.
However, they are still confronted by fine-grained image
understanding [13, 36, 37]. Limited fine-grained image un-
derstanding ability hinders the performance of MLLMs in
multi-modal tasks and restricts their potential applications
as reported in the GPT-4V(ision) test report [42].

To address this issue, some methods [4, 26] incorporate
some datasets related to Referential Comprehension (RC)
such as RefCOCO [13], and PointQA [23] to enhance the
fine-grained image perception ability of MLLMs. How-
ever, these datasets are insufficient to cover a wide range of
abilities that MLLMs desire to have for fine-grained image
perception. Limited RC tasks also make it hard for the model
to generalize across various RC tasks through instruction
tuning. For instance, as shown in Fig. 4, Shikra [4] and
Qwen-VL [1] show limited instruction-following ability on
RC tasks beyond its instruction tuning, failing to provide
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relevant responses to questions.
In addition to instruction tuning, the capability of the

visual encoder is also important to the performance of
MLLMs. MLLMs typically employ a visual encoder trained
through contrastive language-image pre-training like the one
in CLIP [28]. Simply performing global alignment is ineffec-
tive in exploring fine-grained relationships between image
regions and text words [40, 47]. The visual encoder stands
as a bottleneck for achieving fine-grained image perception
in MLLMs.

This paper proposes a new framework to enhance the
fine-grained image perception ability of MLLMs through
RC tasks. We refer to the trained model as Pink 1. Fine-
grained image understanding is closely tied to some funda-
mental abilities such as instance identification and recogni-
tion of relative positions between different instances. Inte-
grating tasks that demand these fundamental abilities dur-
ing instruction tuning is crucial for enhancing the model’s
fine-grained image perception ability. To this end, we pro-
pose a new dataset construction pipeline that extends the
annotations of existing datasets to various RC tasks about
these fundamental abilities. Specifically, we design sev-
eral RC tasks, such as visual relation reasoning and visual
spatial reasoning, based on the annotations from Visual
Genome [14]. To further incorporate more training data
for these RC tasks, we introduce a novel self-consistent
bootstrapping method to extend dense object annotations
to referring-expression-bounding-box pairs. Compared to
the expensive, and uncontrollable process of generating data
using the GPT4 API [4, 46], our method leverages the ex-
isting annotations from datasets. This approach results in
high-quality data and precise enhancement of the necessary
capabilities required by the model. As shown in Fig. 1, the
high-quality instruction tuning data generated by our method
enables the model to achieve promising performance with a
reduced number of training samples.

Improving the fine-grained image understanding ability
of the visual encoder is not a trivial task. Most existing
MLLMs [4, 6, 19, 43, 48] freeze the visual encoder during
instruction tuning. Because directly tuning the visual en-
coder can result in a semantic loss due to the limited scale
of the visual instruction dataset [38]. To address this issue,
we tune the visual encoder by introducing several tunable
components like Adapters [10] and LoRA [11]. Freezing the
main parameters of the model avoids forgetting the learned
knowledge. The introduced tunable components are trained
to adapt the visual encoder.

We have conducted extensive experiments to test the per-
formance of the model. Benefited by the designed tasks in
the instruction tuning, our framework enhances MLLMs’
performance in both conventional vision-language tasks and

1This name is from the main character of the album The Wall by the
great rock band Pink Floyd.

RC tasks. For instance, with only 6.7M tunable parame-
ters, we achieve up to a 6.0% accuracy improvement on
OK-VQA [25] compared to Shikra [4]. We also attain the
top rank on the leaderboard of MMBench [20]. It should be
noted that, our method also surpasses methods that rely on
more training data, e.g., Qwen-VL [1].

This work is an original effort to enhance MLLMs’ fine-
grained image perception ability by addressing two main
bottlenecks: limited instruction tuning tasks and the lack of
ability of the visual encoder. By designing tasks related to
fundamental abilities, every dataset with corresponding an-
notations can be converted into the instruction tuning dataset.
The self-consistent bootstrapping further increases the num-
ber of training data. This dataset construction pipeline sig-
nificantly reduces the cost of obtaining high-quality data
with diversified tasks and eliminates the dependency on
GPT4 APIs. The whole training pipeline is reproducible
in academia as it only relies on publicly available data and
can be trained on consumer GPUs with 24GB memory. We
will release the codes and datasets to facilitate further re-
search and evaluation.

2. Related Works
Multi-modal large language model. Several approaches
have been proposed to condition LLMs with additional
modalities. Typically, these methods utilize two-stage train-
ing. The pre-training stage is performed to align two modali-
ties with image-text pairs. The subsequent stage is adopted
to improve the ability of MLLMs to follow instructions
with high-quality instruction tuning dataset [17, 19, 41, 48].
Many methods freeze the visual encoder during the pre-
training stage to reduce requirement of large-scale image-
text pairs. For example, Mini-GPT4 [48] and LLaVA [19]
only fine-tune a single fully connected layer to align the
vision and language modalities. Other methods leverage mil-
lions of image-text pairs to achieve better alignment between
two modalities. Instruct-BLIP [6] introduces an instruction-
aware visual feature extraction method and fine-tunes the
entire Q-Former, showing promising zero-shot generaliza-
tion ability on various multi-modal tasks. mPlug-Owl [43]
incorporates a visual abstractor module to align the two-
modalities. Both the visual encoder and the visual abstrac-
tor are updated during the pre-training stage. All of above
methods freeze the visual encoder during the multi-modal
instruction tuning stage to prevent the potential semantic loss
caused by the small-scale instruction tuning dataset. How-
ever, this strategy makes the visual encoder cannot benefit
from the multi-modal instruction tuning.
Referential Comprehension of MLLMs. Referential com-
prehension is important to the fine-grained image perception
of MLLMs. Therefore, enhancing MLLMs with the RC
ability is highly valuable. Inspired by Pix2Seq [5], many
works use discrete coordinate tokens to encode spatial in-
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formation and unify RC tasks as sequence generation tasks,
e.g., OFA [39], Unified-io [21], and Kosmos-2 [26]. An-
other line of works, as seen in PVIT [3] and GPT4RoI [45],
leverage the ROI operation [9] to extract features of referring
objects. These works require extra modules and may lose
context information. Another limitation of these works is
that they cannot refer objects in their responses, limiting
their applications, e.g., in visual grounding.

In addition to the model design, the construction of RC in-
struction tuning data also plays a crucial role. Shikra [4] con-
verts existing datasets of RC tasks including RefCOCO [13]
and PointQA [23] into the instruction following format.
Kosmos-2 uses the grounding model GLIP [15] to extract
coordinates of noun chunks in image captions and constructs
a large-scale dataset. Datasets constructed by the above
methods only includes RC tasks, such as visual grounding,
grounding caption and pointQA, which are still not diversi-
fied enough to cover various RC tasks. The trained models
thus show a poor ability to generalize to new RC tasks be-
yond the instruction tuning. ChatSpot [46], PVIT [3], and
Shikra [4] all prompt GPT4 to generate instruction tuning
data for RC, which is expensive and uncontrollable.
Differences with previous works. Existing methods for
enhancing MLLMs through RC tasks construct the instruc-
tion tuning dataset by either integrating existing RC datasets
or relying on GPT4 APIs. However, these methods exhibit
some major drawbacks: 1) the diversity of RC tasks can-
not cover a wide range of fundamental abilities, and 2) data
generation through GPT4 APIs is expensive, uncontrollable,
and prone to noise. In contrast, our work effectively lever-
ages existing datasets to cover a wide variety of RC tasks.
The proposed self-consistent bootstrapping method extends
dense object annotations to referring-expression-bounding-
box pairs. This pipeline significantly reduces the cost of gen-
erating high-quality datasets. The high qualify of the data
allows our model to be trained with fewer parameters on less
training data, which is friendly to reproduce in academia,
than large commercial MLLMs.

3. Methodology

3.1. Model Architecture and Training Pipeline

Model architecture. As shown in Fig. 2, Pink follows
a similar architecture of LLaVA [19], which consists of a
visual encoder Φ𝑉 , a projection layer Φ𝑃 , and a decoder-
only LLM Φ𝐿 . Given an image 𝐼 and a sequence of word
embeddings 𝑄𝑇 representing an instruction sentence, the
visual encoder is employed to embed the image as a sequence
of visual tokens 𝑍𝑉 = Φ𝑉 (𝐼). A linear layer is used as Φ𝑃 to
convert 𝑍𝑉 into the input space of the LLM 𝑍𝑇 = Φ𝑃 (𝑍𝑉 ).
𝑍𝑇 and 𝑄𝑇 are concatenated and fed into Φ𝐿 to generate the
next word.

To enable the LLMs to take coordinates as input and

Adapter Adapter

Projection

Image tokens Instruction text

Locate all the objects 
that have a relation 

of on with <object>.

[0.336,0.197,0.404,0.423]

LLM
Visual 

Encoder

Figure 2. The illustration of our Pink model. Pink follows the archi-
tecture of LLaVA [19], which consists of three main components:
a visual encoder, a projection layer, and a decoder-only LLM. The
coordinates of a bounding box are converted into texts in a specific
format. During instruction tuning, we freeze the visual encoder and
LLM and only update the Adapters and the projection layer.

output, similar to Shikra [4], the coordinates are converted
into texts in a specific format. Specifically, for a bound-
ing box represented by its coordinates of the top-left and
bottom-right corners [𝑥𝑚𝑖𝑛, 𝑦𝑚𝑖𝑛, 𝑥𝑚𝑎𝑥 , 𝑦𝑚𝑎𝑥], the coordi-
nates are normalized to the range [0, 1] with respect to the
image size and retain 3 decimal places for each number, e.g.,
[0.222,0.333,0.444,0.555]. This design allows the coordi-
nates to be processed as regular text and can appear in both
the input and output of the model.

The visual encoder pre-trained by the contrastive loss [28]
lacks region-level image comprehension. Directly fine-
tuning the entire visual encoder during instruction tuning
could lead a semantic loss due to the limited instruction
tuning data [38]. To incorporate the fine-grained image per-
ception ability of the visual encoder through the multi-modal
instruction tuning with RC tasks, we freeze the visual en-
coder, meanwhile introducing tunable modules into it. This
approach prevents the visual encoder from suffering seman-
tic loss and provides an efficient way to adapt the model. In
particular, we employ the Adapter [10] at both the visual
encoder and LLM. Given an input token feature 𝑍 ∈ R𝑑 , the
architecture of an Adapter is defined as follows,

�̂� = 𝜎 (𝑍𝑊𝑑)𝑊𝑢 + 𝑍, (1)

where 𝑊𝑑 ∈ R𝑑×𝑑𝑠 and 𝑊𝑢 ∈ R𝑑𝑠×𝑑 denote the weight
matrices, 𝑑𝑠 is the hidden dimension which is much smaller
than 𝑑, and 𝜎 denotes the non-linear activation function. 𝑊𝑢

is initialized to zero to ensure that at the beginning of the
training, the Adapter does not change the original output.
Training pipeline. Both the image and coordinates are
mapped into the input space of the LLM. Consequently, the
model can be trained end-to-end using a language model-
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ing task, which predicts the next word token based on the
preceding context.

The model is trained in two stages. In the first stage, we
exclusively fine-tune the projection layer with a small set
of image-text pairs. In the second stage, we freeze both
the visual encoder and LLM and fine-tune the newly added
Adapters and the projection layer with the instruction tuning
dataset. Therefore, both the visual and language modalities
can benefit from the multi-modal instruction tuning.

3.2. Instruction tuning Dataset Construction

To create the instruction tuning dataset, we unify all the
multi-modal tasks into a vision-language dialogue format:

Image: {Image tokens}
User: {Instruction template}
Assistant: {Response}

where the placeholders {Image tokens}, {Instruction tem-
plate}, and {Response} will be replaced with the image
tokens extracted by Φ𝑉 , task instruction template, and the
response, respectively.

It is important to introduce diverse RC tasks for the in-
struction tuning to cover a wide range of fundamental abili-
ties for the find-grained image perception of MLLMs. Exist-
ing datasets only offer limited RC tasks, e.g., visual ground-
ing, grounding caption [13], and pointQA [23]. Besides the
RC tasks mentioned above, we design more diversified RC
tasks by incorporating annotations from Visual Genome [14],
which contain information about region descriptions, objects,
and relations between different objects. Following parts pro-
ceed to introduce those tasks.
Visual relation reasoning. Visual Genome has annotated
millions of relationship triplets (subject-predicate-object),
e.g., man-wearing-hat. We design two types of visual rela-
tion reasoning tasks by leveraging these annotations to help
the model understand visual relationships between different
objects: (1) We randomly select a relationship triplet. Given
the coordinates of subject and object, the model is required
to predict their relation. (2) We randomly select one subject
and a relation from the annotations. The model is required
to detect all objects that have selected relation with subject
and output their coordinates and class names.
Coarse visual spatial reasoning. We introduce a coarse
visual spatial reasoning task by utilizing the object annota-
tions from Visual Genome. This task enhances MLLMs to
identify relative spatial relation between different instances.
We define four coarse spatial positions as top-left, top-right,
bottom-left, and bottom-right. Given a randomly selected
object and a coarse spatial position, the model is required
to identify all objects located at this position relative to the
selected object and predict their coordinates and class names.

Object counting. To endow the model with the concept of
different instances and the capability of fine-grained object
recognition, we design an object counting task. This task
requires the model to count objects in the image that belong
to the same category as the given object or class name.
Object detection. Object detection can empower the model
to locate the position and boundaries of objects. This task
is also important for the model to identify the existence or
category of a certain object. Given a class name or a selected
object, the model is asked to identify all objects that belong
to the same category of the given object or class name, and
provide their coordinates.

By incorporating these RC tasks into the instruction tun-
ing, the model can learn a variety of RC abilities. To clarify
the designed tasks, we list some instruction templates as
follows,

Visual Relation Reasoning:
User: Assist me in finding the relation between
<subject> and <object> in the photo.
Assistant: <relation>.

User: Please locate and categorize all the ob-
jects that have a relation of <relation> with
<subject>.
Assistant: <object> <category> <object> <cate-
gory>.

Coarse Visual Spatial Reasoning:
User: Identify the objects located at <loc> of
<object>.
Assistant: <object> <category> <object> <cate-
gory>.

Object Counting:
User: How many objects in the image are of the
same category as <object>.
Assistant: <number>.

Object Detection:
User: Identify all the objects that fit the same
category as <object> and display their coordinates.
Assistant: <object> <object>.

where the placeholders <object> and <category> will be
replaced with the bounding box coordinates and the class
name of a referring object, respectively. <subject> will
be replaced with the bounding box coordinates of the se-
lected subject. <relation>, <loc>, and <number> will
be replaced with the relation between different objects, the
selected relative spatial position, and the number of the ob-
jects, respectively. All instruction templates can be found in
Supplementary Material.
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MLLM
A laptop 

on the desk

Grounding caption

Visual grounding

Figure 3. The illustration of self-consistent bootstrapping method.
Given a bounding box, our method first generates its description
by asking MLLM to perform grounding caption, then leverages
the visual grounding to locate the generated description. The low-
quality description will be filtered if the IOU between the predicted
and ground-truth bounding box is below a threshold.

3.3. Self-consistent Bootstrapping Method

The constructed instruction-following datasets are adopted
to reinforce the fine-grained image perception ability of
MLLMs. We further acquire more high quality data. Exist-
ing datasets for object detection provide valuable bounding
box annotations for objects appearing in the image, making
them promising resources for instruction tuning. We propose
a self-consistent bootstrapping method by leveraging those
datasets. This method extends bounding box annotations to
the referring-expression-bounding-box pairs. It comprises
two key stages: bounding box description bootstrapping and
self-consistent filtering as shown in Fig. 3.

At the bounding box description bootstrapping stage,
given a bounding box 𝐵 of an object, we prompt the model
to generate a description 𝐷𝐵 for that object by leveraging
its ability of grounding caption. Due to the complexity of
scenes or the presence of duplicate objects, the generated
description may be noisy or fails to uniquely describe the cor-
responding object. Then, the self-consistent filtering stage is
adopted to filter those low-quality descriptions. Specifically,
with the generated description 𝐷𝐵, we locate this description
in the image and predict the bounding box �̂� by leveraging
the visual grounding ability of our model. The generated
description will be removed if the Intersection Over Union
(IOU) between 𝐵 and �̂� is below a pre-defined threshold 𝜆.
This stage ensures that only high-quality descriptions are
retained.

These two stages are performed to extend every annotated
object in the dataset with textual description. This extended
dataset is then well-suited for a wide range of RC tasks,
e.g., coarse visual spatial reasoning, object detection, object
counting, visual grounding and grounding caption. Illustra-
tions of generated data are in Supplementary Material. This
self-consistent bootstrapping method serves as a powerful
tool to harness the potential of object detection datasets for
enhancing the RC ability.

Identify the text in 
[0.368,0.219,0.625,0.380].

The text is "ACM".

The letters are white.

Identify the text in 
[0.368,0.609,0.625,0.680].

The text is ”1899".

number on the shirt.

I want to know the coordinates and name 
of the object grabbed by Du Feng in the 

image.

The object grabbed by Du Feng is a bottle [0.322,0.631,0.392,0.835].

In the image, there are two men standing next to each other, both wearing 
red and white shirts. One of the men is holding a drink in a bottle, while the 
other one is smiling. They seem to be interacting with each other, possibly 

discussing a sports game or simply socializing.

(a)

(b)

I cannot provide the coordinates and name of the object grabbed by Du 
Feng in the image, as there is no existence of any object being grabbed in 

the image.

ACM

1899

(c)

Identify all objects that can control 
[0.000,0.150,0.350,0.600] in the image.

Objects that can control 
[0.000,0.150,0.350,0.600] in the image 

are a mouse and a keyboard.

Yes, there is a laptop computer sitting 
on the desk.

The objects that can control 
[0.000,0.150,0.350,0.600] are a laptop 

computer and a keyboard.

Figure 4. A comparison of Pink against the recent MLLMs
Shikra and Qwen-VL on RC reasoning.

3.4. Qualitative Results on RC Reasoning

In Fig. 4, we compare some qualitative results on RC rea-
soning with Shikra [4] and Qwen-VL [1]. Pink exhibits
substantially better capability on these RC tasks.

To answer the question as shown in Fig. 4 (a), the model
needs to first identify Du Feng, a famous Chinese basket-
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ball player, then understand the action of grabbing. Pink
successfully provides the correct answer. Pink also exhibit
better reasoning capability as shown in Fig. 4 (b). It success-
fully identifies the referred region as laptop, and inferred
that, the mouse and keyboard in the image could control the
labtop. Shikra fails to follow the instruction and provides
an un-related answer. Similarly, Qwen-VL only outputs the
category of the referred object.

As shown in Fig. 4 (c), trained with millions of OCR-
based data in the instruction tuning, Qwen-VL can give
correct responses to OCR instruction. It is interesting to
observe that, without any OCR-based data, our model also
accurately recognizes characters located at referred region.
It indicates that, Pink exhibits promising generalization ca-
pability to different RC tasks. More qualitative results can
be found in Supplementary Material. Extensive experiments
are conducted in following section.

4. Experiments

4.1. Experimental Setting

Model architecture. We employ the ViT-L/14 [7] as the
visual encoder, which is pre-trained with CLIP [28]. We
choose an instruction-tuned model Vicuna-7B [35] based
on LLaMA-1 [34] as the LLM. The projection layer is a
single fully connected layer. The Adapters are inserted be-
fore each self-attention layer of both the visual encoder and
the LLM, with a hidden dimension 𝑑𝑠 = 8. The tunable
parameter numbers of Adapter in the visual encoder and
LLM are 393,216 and 2,097,152, respectively. The number
of parameters in the projection layer is 4,194,304. Therefore,
the total number of tunable parameters is about 6.7M.
Training data. The first stage utilizes 595K image-text pairs
from CC3M [33], the same as LLaVA [19]. The second stage
adopts VQAv2 [8], LLaVA-150K [19], A-OKVQA [31],
Flickr30K [27], Visual Genome [14] and Object365 [32]
with referring-expression-bounding-box pairs generated by
our self-consistent bootstrapping method. At each training
iteration, when using an image in Visual Genome or Ob-
ject365, one designed RC task will be selected randomly.
The model used to generate referring-expression-bounding-
box pairs in Object365 is trained with the aforementioned
datasets, excluding Object365 itself. Note that we reduce
the probability of sampling Object365 in batch construction
to avoid a large number of training samples in Object365
dominating the training.
Training details. AdamW is adopted as the optimizer. In
the first stage, the model is trained for 1 epoch with a batch
size of 128 and weight decay of 0.0. After a warm-up period
of 200 steps, the learning rate starts at 0.03 and decays to
0 with the cosine schedule. In the second stage, the model
is trained for 6 epochs with a batch size of 32 and weight
decay of 0.05. The warm-up phase consists of 10k steps and

the learning rate starts at 5e-4. The input image is resized to
224× 224 without any additional data-augmentation. We set
𝜆 as 0.5 to filter out low-quality descriptions. The model is
trained using 8 NVIDIA A100 GPUs. It takes about 1 and
30 hours for the first and second stage, respectively.
Evaluation settings. We evaluate our model on various
datasets under the zero-shot and fine-tuning settings to val-
idate the instruction-following ability of the trained model.
These datasets encompass conventional multi-modal reason-
ing tasks, including conventional VQA (VQAv2 [8], MM-
Bench [20]), abstract diagram understanding (IconQA [22]),
visual spatial reasoning (VSR [16]), knowledge-intensive
VQA (OK-VQA [25]), scene understanding (GQA [12]),
and RC tasks such as RefCOCO/+ [13], RefCOCOg [24],
Visual-7W [49], PointQA-Local/LookTwice [23].

4.2. Ablation Study

Instruction tuning dataset construction. To investigate the
impact of instruction tuning dataset construction, we conduct
ablation studies by excluding Visual Genome, designed RC
tasks, and Object365 with referring-expression-bounding-
box pairs. Results are summarized in Table 1.

As shown in Table 1, enhancing the MLLM with RC
task can benefit the conventional multi-modal reasoning
tasks, e.g., removing visual grounding and grounding cap-
tion tasks leads to a performance degradation of 2.8% on
VSR. When the model is trained solely with visual ground-
ing and grounding caption, it fails to provide correct re-
sponses to the questions in PointQA-Local/LookTwice, in-
dicating limited instruction-following ability for RC tasks.
As more RC tasks are included, the model begins to ex-
hibit better instruction-following ability for these tasks. The
performance on PointQA-Local/LookTwice increases from
0.0%/0.2% to 54.6%/63.1%. The combination of all de-
signed RC tasks yields the best performance on both con-
ventional multi-modal reasoning tasks and RC tasks, thus
validating the effectiveness of our instruction tuning dataset
construction method. We also observe that incorporating
Object365 further enhances the performance of our method
on RC tasks. For example, on RefCOCO val, the zero-shot
accuracy increases from 54.1% to 77.0%. Notably, the exclu-
sion of the self-consistent method results in the degradation
of performance from 77.0% to 73.8% on RefCOCO val due
to low-quality referring-expression-bounding-box pairs gen-
erated by the model. These results demonstrate the impor-
tance of the generated data and underscore the importance
of the proposed self-consistent method.
Training settings of visual encoder. We further assess
the effectiveness of different settings for training the visual
encoder, and summarize results in Table 1.

Full-tuning the visual encoder results in a significant per-
formance degradation. The performance on RefCOCO val
drops from 54.1% to 0.05%. This result aligns with the
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Settings IconQA VSR OK-VQA RefCOCO val Local LookTwice
Baseline 44.6 65.6 58.5 55.0 0.0 0.2
w/o VG 43.1 62.8 58.3 - - -

+ R 44.4 65.7 58.5 52.1 17.1 12.8
+ R,S 46.2 65.8 58.5 52.7 50.9 60.0

+ R,S,C 47.4 65.7 58.9 53.1 53.4 60.7
+ R,S,C,D 47.8 66.3 59.5 54.1 54.6 63.1

+ R,S,C,D + Object365† 44.6 65.9 58.7 73.8 52.1 69.2
+ R,S,C,D + Object365 47.7 67.1 59.5 77.0 57.2 70.3

Freezing 42.9 61.5 58.3 37.2 44.9 57.5
Full-tuning 36.9 48.6 33.1 0.05 26.1 54.1

LoRA 44.3 65.4 58.9 54.7 56.7 62.2
Our 47.8 66.3 59.5 54.1 54.6 63.1

Table 1. Ablation study on instruction tuning dataset construction and training settings of visual encoder under a zero-shot setting. “Baseline”
denotes leveraging Visual Genome by only performing visual grounding and grounding caption tasks. “VG” denotes Visual Genome.
“R”, “S”, “C”, and “D” denote the visual relation reasoning, coarse visual spatial reasoning, object counting and object detection tasks,
respectively. † denotes generated referring-expression-bounding-box pairs in Object365 are not filtered with the self-consistent method.
“Freezing” and “Full-tuning” denotes freezing the visual encoder and training the entire visual encoder, respectively. “LoRA” denotes using
LoRA instead of the Adapter to perform parameter-efficient tuning.

conclusion in [38] that fine-tuning the visual encoder using
a small-scale instruction tuning dataset can lead to a sub-
sequent drop in performance. Freezing the visual encoder
also leads to performance degradation on various datasets. It
can be attributed to the limited ability of the visual encoder
to fine-grained image understanding. Our design allows
for the optimization of both modalities and leverages the
benefits of multi-modal instruction tuning, resulting in im-
proved performance. Moreover, using LoRA [11] instead of
the Adapter to perform parameter-efficient tuning can also
achieve improved performance compared with Full-tuning
or Freezing, demonstrating the effectiveness of adapting the
visual encoder during multi-modal instruction tuning.

4.3. Comparison with Recent Works

This section proceeds to validate the effectiveness of our
method through comparison with other recent works.
Evaluation on the conventional multi-modal reasoning
tasks. To evaluate the instruction-following ability of our
method, we conduct experiments of five multi-modal rea-
soning tasks on public benchmarks. These benchmarks and
tasks assess various aspects of multi-modal comprehension
ability of the model. As shown in Table 2a, our model con-
sistently achieves the best performance using fewer trainable
parameters, a smaller training set, and lower input image
resolution. This demonstrates that the constructed instruc-
tion tuning dataset can effectively enhance the fine-grained
perception capability.
Zero-shot evaluation on the visual grounding task. Vi-
sual grounding is a fundamental RC task that requires the
model to predict the coordinates of a bounding box based on
a given textual description. We evaluate our model on three

well-established datasets under the zero-shot setting in Ta-
ble 2b. Our model significantly outperforms Kosmos-2 [26],
which is trained with a generated dataset GRIT containing
91M images and 115M referring expressions. This result
validates the effectiveness of the proposed self-consistent
bootstrapping method.
Comparison with other models under fine-tuning setting
on RC tasks. To further validate the RC ability of our
method, we compare it with other models [1, 4, 39] that can
perform RC tasks. The comparison incorporates models that
have the capability to handle various vision-language tasks.
Models specifically designed for the visual grounding task
are not included. The instruction tuning dataset of compared
models includes the training sets of datasets listed in Table 2c.
For a fair comparison, we also leverage those training sets in
the instruction tuning of Pink. Note that, the training set size
of Pink is still substantially smaller than those in compared
methods, e.g., 50M of Qwen-VL [1] vs. 519K of Pink.

The results in Table 2c show that our model obtains
promising performance under the fine-tuning setting. This
can be attributed to the diversity of RC tasks in the instruc-
tion tuning. Object365 further improves the performance,
even training sets of these datasets are already included.
This demonstrates the effectiveness of self-consistent boot-
strapping method in converting existing dataset into more
valuable RC training set. Qwen-VL utilizes a stronger visual
encoder ViT-G trained by CLIP. To make a fair compari-
son, we change the visual encoder of Pink to ViT-G. Pink-G
outperforms Qwen-VL by large margins, even with a lower
input image resolution and less training samples. This result
further validates the effectiveness of our training pipeline.
Comparison with other models on MMBench test set.
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Models Res. #PT Data #IT Data #Trainable Param. VQAv2 IconQA VSR OK-VQA GQA
Instruct-BLIP [6] 224 129M 1.2M 188M - 43.1 54.3 - 49.2

Shikra-7B [4] 224 595K 5.5M 7B 76.7† 24.3 63.3 53.5 47.4
Pink 224 595K 396K 6.7M 78.7† 47.8 66.3 59.5 52.6

Qwen-VL [1] 448 1.4B 50M 8B 78.8† - - 58.6† 59.3†
LLaVA-1.5 [18] 336 558K 665K 7B 78.5† - - - 62.0†

Pink+ 224 595K 477K 6.7M 78.8† 48.8 67.4 60.6† 64.5†
(a) Results on the conventional multi-modal reasoning tasks. † denotes the training set of corresponding dataset is included. + denotes
adding the training set of OK-VQA and GQA during instruction tuning. “Res.”, “#Trainable Param.”, “#PT Data”, and “#IT Data” indicate
input image resolution, the number of trainable parameters, the number of samples in pre-training and instruction tuning stage, respectively.

Models
RefCOCO RefCOCO+ RefCOCOg

val testA testB val testA testB val test
Kosmos-2 [26] 52.3 57.4 47.3 45.5 50.7 42.2 60.6 61.7

Pink 54.1 61.2 44.2 43.9 50.7 35.0 59.1 60.1
Pink∗ 77.0 82.4 68.2 65.6 75.2 53.4 72.4 74.0

(b) Zero-shot results on the visual grounding task.

Models Visual Encoder Res.
RefCOCO RefCOCO+ RefCOCOg

Visual-7W LookTwice
val testA testB val testA testB val test

OFA-L [39] ResNet152 480 80.0 83.7 76.4 68.3 76.0 61.8 67.6 67.6 - -
Shikra-7B [4] ViT-L 224 87.0 90.6 80.2 81.6 87.4 72.1 82.3 82.2 84.3 72.1

Pink ViT-L 224 88.3 91.7 84.0 81.4 87.5 73.7 83.7 83.7 85.1 73.5
Pink∗ ViT-L 224 88.7 92.1 84.0 81.8 88.2 73.9 83.9 84.3 85.3 73.6

Qwen-VL [1] ViT-G 448 89.4 92.3 85.3 83.1 88.3 77.2 85.6 85.5 - -
Pink-G ViT-G 224 91.5 93.4 88.0 86.0 89.5 79.8 86.8 87.8 86.8 76.6
(c) Fine-tuning results on the RC tasks. Pink-G indicates the ViT-G is used as the visual encoder for a fair comparison.

Models Overall LR AR RR FP-S FP-C CP
Kosmos-2 [26] 58.2 48.6 59.9 34.7 65.6 47.9 70.4
LLaVA-1.5 [18] 59.5 32.4 72.6 49.3 62.3 52.2 67.7

Qwen-VL [1] 61.8 40.5 74.3 47.9 66.3 46.2 72.8
mPlug-Owl [43] 68.5 56.8 77.9 62.0 72.0 58.4 72.6

Pink 74.1 58.5 78.2 73.2 77.3 67.2 78.7
(d) CircularEval results on MMBench test set [20].

Table 2. Comparison with other methods. * denotes Object365 with generated referring-expression-bounding-box pairs is used.

MMBench [20] has been proposed as a new benchmark to
evaluate various abilities of MLLMs, including logical rea-
soning (LR), attribute reasoning (AR), relation reasoning
(RR), fine-grained perception single instance (FP-S), fine-
grained perception cross instance (FP-C), and coarse percep-
tion (CP). We hence conduct experiments on MMBench to
validate the capabilities of our model in all aspects.

The results summarized in Table 2d show that our method
achieves the best overall performance among compared
methods. The main improvement comes from RR, FP-S,
and FP-C. For example, compared with mPlug-Owl [43],
the accuracy boosting of Pink on LR and FP-C is 1.7% and
8.8%, respectively. These results demonstrate the strong fine-
grained perception ability of Pink, which can be attributed to
the incorporation of various RC tasks during the multi-modal
instruction tuning.

5. Conclusion
This paper presents a novel framework for enhancing fine-
grained image perception ability of MLLMs. The framework
includes a method for constructing an instruction tuning
dataset by converting annotations from existing datasets
into diverse RC tasks. A self-consistent bootstrapping
method is proposed to extend object annotations to referring-
expression-bounding-box pairs, enabling the acquisition of
more instruction tuning data at a low cost. The visual encoder
is tuned in a parameter-efficient way to gain fine-grained im-
age understanding ability. With fewer trainable parameters
and less training data, our method achieves superior perfor-
mance on both multi-modal tasks and RC tasks.
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Jonathan Tow, Alexander M. Rush, Stella Biderman, Albert
Webson, Pawan Sasanka Ammanamanchi, Thomas Wang,
Benoı̂t Sagot, Niklas Muennighoff, Albert Villanova del
Moral, Olatunji Ruwase, Rachel Bawden, Stas Bekman, An-
gelina McMillan-Major, Iz Beltagy, Huu Nguyen, Lucile
Saulnier, Samson Tan, Pedro Ortiz Suarez, Victor Sanh, Hugo
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