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Figure 1: Our ROD aims to execute diversified user detection instructions compared to visual
grounding. For images with object bbxs, we use foundation models to produce human-like ob-
ject detection instructions. By training a conventional ROD model with incorporating tremendous
instructions, we largely push ROD towards practical usage from a data-centric perspective.

ABSTRACT

We propose InstructDET, a data-centric method for referring object detection
(ROD) that localizes target objects based on user instructions. While deriving
from referring expressions (REC), the instructions we leverage are greatly diver-
sified to encompass common user intentions related to object detection. For one
image, we produce tremendous instructions that refer to every single object and
different combinations of multiple objects. Each instruction and its corresponding
object bounding boxes (bbxs) constitute one training data pair. In order to encom-
pass common detection expressions, we involve emerging vision-language model
(VLM) and large language model (LLM) to generate instructions guided by text
prompts and object bbxs, as the generalizations of foundation models are effec-
tive to produce human-like expressions (e.g., describing object property, category,
and relationship). We name our constructed dataset as InDET. It contains images,
bbxs and generalized instructions that are from foundation models. Our InDET
is developed from existing REC datasets and object detection datasets, with the
expanding potential that any image with object bbxs can be incorporated through
our InstructDET method. By using our InDET dataset, we show that a conven-
tional ROD model surpasses existing methods on both standard REC datasets and
our InDET test set. InstructDET, our data-centric method with automatic data ex-
pansion by leveraging foundation models, directs a promising field that ROD can
be greatly diversified to execute common object detection instructions.

∗R. Dang and J. Feng contribute equally. ⋆Y. Song is the corresponding author. This work is done when
R. Dang is an intern at Sensetime. The code is available at https://github.com/jyFengGoGo/
InstructDet.
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1 INTRODUCTION

Referring object detection (ROD) aims to detect target objects according to language reference that
represents user intentions. ROD is closely related to visual grounding where there are phrase ground-
ing (Akbari et al., 2019; Li et al., 2022a; Gao et al., 2023) and referring expression comprehen-
sion (Su et al., 2020; Zhu et al., 2022). As shown in Fig. 1, phrase grounding detects all objects
mentioned in one sentence, while referring expression comprehension (REC) only detects one sin-
gle object that the text refers to. As such, the language reference in REC shall be discriminative and
specifically relates to one object without ambiguity.

Currently, visual grounding develops at an initial stage and leaves a gap for practical usage. The
phrase grounding does not differentiate which object ought to be detected via language description,
while REC only targets for one object with single text reference. In the current REC datasets, each
image contains few expressions (e.g., 1 or 2 phrases). These expressions are insufficient to represent
user intentions. In an image where there are several objects, users may want to detect each single
object by using different descriptions (e.g., object color, shape, or location), or detect multiple ob-
jects in different combinations (e.g., similar properties or relationships). These diverse expressions
are not conveyed within current REC datasets, leaving the gap for existing methods to practically
fulfill user intentions for visual grounding. Moreover, the manual collection of these expressions
are cumbersome, and subject bias prevents an effective coverage of common user intentions when
perceiving each image. Therefore, the practical user expressions are not well fulfilled when they
expect to detect various objects in one image.

In this work1, we aim to push visual grounding toward practical usage from a data-centric perspec-
tive. Instead of developing REC models to generalize based on current data, we set up referring
object detection (ROD) scenario to automatically diversify user expressions. Inspired by the gen-
eralization of foundation models that execute common user instructions based on the image and
text inputs, our InstructDET borrows their capabilities to produce human-like instructions that en-
compass user intentions related to object detection. The generalized instructions produced by the
foundation models can be regarded as an expansion of existing user expressions in REC. We pro-
duce instructions that describe single object from two pipelines. In the first pipeline (i.e., global
prompt), we convert an image into an elaborate text description via LLaVA (Liu et al., 2023a). The
text description, together with object bbxs coordinates, are sent to the LLaMA (Touvron et al., 2023)
for instruction generation in global prompt. During generation, we manually write 3 in-context ex-
amples and leverage the in-context learning (Dong et al., 2023) ability of LLaMA to describe the
content related to each object following the format of our examples.

In the second pipeline (i.e., local prompt), we send the image and text prompts into LLaVA. The
objects in the image are marked with bbxs and the text prompts require LLaVA to describe the
object content. We initialize LLaVA with miniGPT4 weights and find it tends to produce lengthy
and global descriptions. So we perform a partial finetuning on LLaVA by using REC data to let it
focus on local objects. Through these two pipelines, we observe that instructions generated from
global prompt pipeline focus more on the object relationship, while instructions generated from lo-
cal prompt pipeline focus more on rich visual details and advanced logic reasoning. Naturally, we
combine instructions from these two pipelines to formulate expressions for single referred object.
During instruction generation, the uncontrolled model hallucination (Li et al., 2022b) brings incor-
rect or irrelevant instructions. We propose to use visual-textual verification via CLIP (Radford et al.,
2021) for effective instruction filtering.

The generalization and reasoning of foundation models (Wang et al., 2022; Zhou et al., 2022) provide
sufficient instructions encompassing user intentions for single object description. When describing
multiple objects, we divide descriptions into two parts. The first part is to independently describe
each single object followed by concatenation, and the second part is to summarize commonalities of
multiple objects. The commonality summarization requires unifying similar or related objectives by
a higher-level language abstraction that describes their similarities and relationships. We collect the

1We do not differentiate “instruction” and “expression” in this paper, as both of them represent user inten-
tions. For presentation clarity, in our InstructDET pipeline we refer expressions that are generated by foundation
models, and we further refine expressions to instructions for InDET inclusion. As we only focus on ROD, we
can formalize our instruction by simply adding the word ‘detect’ beforehand.
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combinations of different objects via semantic clustering, then utilize LLM to generate commonality
summarizations for each combination.

We automatically collect instructions targeting for single or multiple objects in images and con-
struct our InDET dataset. Sec. 4 shows an in-depth analysis of our dataset where we establish a
guideline to organize these instructions from 6 aspects. Compared to existing REC datasets where
the instructions only reside in sub-parts of our groups, our InDET is more comprehensive to in-
corporate user intentions of object detection. Fig. 1 shows an intuitive example of the generalized
expressions produced by foundation models. By using our InDET dataset, we train a conventional
ROD model and find it surpasses existing VG models on standard benchmarks and our InDET test
set. Moreover, we also validate that our model has learned to effectively understand the meaning of
instructions rather than only recognize key words, which is because of the tremendously expressive
instructions incorporated for our model training. Our InstructDET method can automatically expand
training data by using in-the-wild images with object bbxs, which improves our model generaliza-
tions towards practical usage. In addition, our model can already serve as the detection module of
the neural-symbolic visual compositional task solution given arbitrary language instructions beyond
object detection (e.g., Visual ChatGPT (Wu et al., 2023), VISPROG (Gupta & Kembhavi, 2023)).

2 RELATED WORKS

Visual Grounding. Studies on visual grounding (Kamath et al., 2021; Chen et al., 2021; Deng et al.,
2021; Su et al., 2023) can be mainly categorized as phrase grounding (Plummer et al., 2022; Kojima
et al., 2023) and REC (Hudson & Manning, 2018; Li & Sigal, 2021). Phrase grounding detects all
objects mentioned in the text while REC localizes one object that the text referred to. In (Zhang
et al., 2022; Liu et al., 2023c), the objects mentioned in the text are verified to each visual object
proposal one-by-one. These methods require a clear and specific object referring in the text. On
the other hand, methods (Zhu et al., 2022; Yan et al., 2023) based on DETR (Carion et al., 2020)
can accept abstract and summarized descriptions such as “red objects” and “all objects”. Our ROD
model follows DETR-based design to enrich interpretation of various instructions. Note that our
model is learned via InDET dataset where instructions are produced based on preset object bbxs.

Referring Expression Datasets. The REC datasets are usually constructed via manual annotation
on the images. A two-player game is utilized in (Kazemzadeh et al., 2014) where the text descrip-
tions are concise due to limited relevant visual contents. The RefCOCO, RefCOCO+ (Yu et al.,
2016), and RefCOCOg (Mao et al., 2016) employ MSCOCO (Lin et al., 2014) images for man-
ual expression production. The expression flexibility and diversity of these datasets are limited to
encompass common detection intentions. Recent datasets (Krishna et al., 2017; Kuznetsova et al.,
2020; Kebe et al., 2021) focuses on data scalability rather than auto generation. Cops-Ref (Chen
et al., 2020) leverages scene graph as reasoning groundwork, thus forming a tree structure to gen-
erate expressions with varying compositionality. Different from these methods based on template
guided expression generation, our InstructDET relies on foundation models to produce well gener-
alized and human-like instructions.

Data Generation via Foundation Models. The InstructGPT (Ouyang et al., 2022) and GPT4 (Ope-
nAI, 2023) have shown generalization and reasoning abilities for data generation. LLaVA (Liu et al.,
2023a) first uses GPT4 for multi-modal data generation following instructions. Otter (Li et al.,
2023a) performs multi-modality in-context instruction tuning by levering multiple images, ques-
tions, and answers. Currently, these models focus on global image and language understanding,
with less focus on local object analysis. Moreover, these multi-modality models, although pro-
cessing multi-modality data, still outputs single-modality text description. There is a gap for these
foundation models to function in the computer vision scenarios, especially visual recognition. In
comparison, our InstructDET uses foundation models to benefit ROD model training, which con-
tributes directly to improve object detection performance.

3 INSTRUCTDET

Fig. 2 shows an overview of our InstructDET method for data construction. Given an input image
with object bbxs, we use two pipelines to produce detection expressions from foundation models.
The expressions are further refined to instructions and incorporated into our InDET dataset.
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Figure 2: An overview of our InstructDET. We use two pipelines to produce detection expressions
via foundation models. In the global prompt pipeline, we use LLaVA to describe an image via text,
and combine this text with other text prompts for LLaMA input. In the local prompt pipeline, we use
the same image with object bbxs and text prompts as multi modality input for LLaVA. The produced
expressions are further refined to instructions and incorporated into our InDET dataset.

3.1 GLOBAL PROMPT PIPELINE

The large language model (LLM) has shown surprising generalizations to well execute common
user instructions. We use LLM to simulate user intentions when perceiving objects in an image.
Our global prompt pipeline produces a text prompt for the LLaMA2 model. This prompt consists of
several contents including global image description, object bbx coordinates, in-context samples, and
task description. Without tuning LLaMA, we obtain instructions that describe objects in an image.
A detailed example is shown in Sec. C for an intuitive illustration of how we leverage foundation
models to produce expressions. We elucidate the key steps during this process as follows:

Given an image with object bbxs, we first obtain global image description in text form. If this
image already contains dense captions (e.g., from Flicker30K), we directly load these captions.
Alternatively, we leverage LLaVA to generate the global image description. The text prompt we use
for LLaVA contains our language guidance to emphasize that specific interested object categories
shall be mentioned. As such, LLaVA will describe each labeled object in its output. As for object
bbx content, if the image is from REC dataset, we use referring expression as the object content.
Otherwise, we simply use the category name.

When designing the task description prompt, we expect LLaMA to produce diverse expressions that
contain different properties of single object as much as possible. We manually list the attributes from
the user perspective, including the object type, color, function, motions, etc. Besides, we include the
object attributes of its relationship with other objects in image, such as object interactions, object
relative positions, etc. When using these aforementioned prompts for LLaMA input, we find that
the output text varies significantly and might be irrelevant to the target objects. Inspired by the in-
context learning ability of foundation models, we manually design in-context samples to regularize
the output content and format. The output results will thus resemble our in-context examples but
with our expected diversified object descriptions.

3.2 LOCAL PROMPT PIPELINE

The global prompt pipeline produces expressions according to text prompts. Naturally, we can feed
both image and text prompt to the multi-modality foundation model for object description. Given
an image, we mark the object with bbx rectangle, and send this image to LLaVA, together with the
text prompt that requires LLaVA to describe the object according to the bbx. Here, the bbx serves
as a visual highlight for LLaVA to comprehend the target object that we expect to describe.

Our LLaVA model is initialized with miniGPT4 weights. When we send these multi-modality inputs
to LLaVA, we observe that LLaVA produces detailed and dense descriptions for the image, rather
than expressions of the specific target object. We analyze that the vision-language alignment module
in LLaVA is the Q-Former (Li et al., 2023b), which transforms one image into only 32 visual tokens
without concentrating on the local objects. Meanwhile, LLaVA itself tends to produce lengthy and
dense descriptions. In order to generate instructions suitable for ROD, we finetune a part of LLaVA
by using existing REC datasets. Specifically, we only update a linear layer that transforms visual

2In this paper, we use a variant of LLaMA (i.e., Vicuna 13B) that has gone through instruction tuning.
Besides, we use a variant of LLaVA, which is a multi-modal paradigm that maps visual features into token
embeddings with further alignment to the text domain.
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tokens to the text embedding space during training. The linear layer is learned to attend local objects
with concise expressions. After finetuning, we observe the LLaVA output becomes informative and
closely related to the target object. Detailed examples of generating expressions in local prompt
pipeline are shown in Sec. B, and the detailed analysis on how finetuning improves LLaVA output
is provided in Sec. H.

3.3 EXPRESSION FILTER

In global and local pipelines, we have regularized the output of foundation model from several as-
pects including text prompt specification, in-context learning, and model finetuning. In practice,
we still observe the model hallucination phenomena that the model sometimes generate expressions
describing objects not even exist in the image. Moreover, the expressions from the local prompt
pipeline sometimes describe the whole image rather than local objects. This is due to the miniGPT4
initialization of LLaVA, which utilizes dense captions for instruction tuning. The tendency to gen-
erate global image description is mitigated via our model finetuning to focus on local object, but
not completely disappeared. To further improve the expression quality, we introduce visual and lan-
guage matching via CLIP (Radford et al., 2021) to filter out inappropriate expressions. Fig. 3 shows
an overview. It contains image visual prompting and visual-textual matching.

Generated Expression

CLIP CLIP

Visual Prompting

a blonde lady wearing a long white scarf

Global Score Local ScoreExpression Dropout

Figure 3: Expression filtering by image visual
prompting and visual-textual matching via CLIP.

Visual Prompting We study visual language
pretraining (VLP) (Yang et al., 2023; Shtedrit-
ski et al., 2023) where visual prompting is de-
veloped for images. We observe that in zero-
shot REC, coupling VLP with visual prompts
enables robust pairing of local image region and
corresponding text description. In the pairing
process, the design of visual prompting heavily
influences the visual-textual matching results.
Specifically, we employ the superposition of a
red ellipse and the target Gaussian blur reversion as visual prompts. A detailed pipeline illustrating
visual prompting is in Sec. D.

Visual-Textual Matching. We use images with visual prompting that emphasizes target objects
to verify the corresponding text descriptions via a frozen CLIP model. While local object con-
tents are well aligned with target referring expressions, we observe that expressions describing the
whole image are not eliminated by CLIP. We analyze that CLIP is originally trained to focus on the
correlations between global image features and global textual semantics. The global visual-textual
matching makes CLIP model to prefer global image description accordingly. To remove this ef-
fect, we establish a referring measurement from both local and global perspectives. For the image
in Fig. 3, we compute a global score Sg and a local prompt score Sl. The magnitude of referring
expression can be measured via our local enhancement score Se = Sl − Sg . Our final expression
evaluation score can be computed as:

Sf = α1Se + α2Sl = (α1 + α2)Sl − α1Sg = Sl − α1Sg (1)

where α1 and α2 are scalars balancing the contributions of Sg and Sl with α1 + α2 = 1. So
α1 ∈ [0, 1] adjusts the final score towards local content referring or global semantics. Note that
we introduce Se to measure difference between local and global scores. If the expression is more
related to the target object, Se becomes higher after visual prompting for object highlights. After
computing Sf , we set a dynamic threshold to filter out expressions. This is because Sf is based on
CLIP’s preference that a small target object with well matched expression achieves a lower score
than a large object with mismatched expression. Therefore, we use provided expression (for images
from REC) or category name (for images out of REC) to compute a final score, and discard generated
instructions whose Sf is lower than this score.

3.4 MULTI-OBJECTS EXPRESSION GENERATION

Our expression generation pipeline illustrated above targets for each object independently. In prac-
tice, users may refer to multiple objects in one image. We study common user expressions for
multi-objects, and conclude them into two aspects. The first one contains splicing expressions that
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combine different single object expressions with ‘and’ or comma. In this case, the objects mentioned
in the expression are not related to each other. The second aspect contains generalization expres-
sions that summarize the common properties of multiple objects (e.g., color, category, or location)
to produce an abstract and conceptual description. It resembles mining similarities between multiple
objects and thus is not straightforward to conclude. Therefore, we need to discover object combi-
nations where similar properties may exist, and then summarize the commonalities among them to
constitute the summarized expressions.
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Figure 4: Mining commonalities among multi-
objects via expression concatenation and text se-
mantic clustering, followed by LLaMA descrip-
tions on each cluster center.

Our process to produce summarized expression
is shown in Fig. 4. For each object, we first con-
catenate all its related expressions with com-
mas. Through this concatenation, we can ob-
tain this object expression from different per-
spectives (i.e., different properties). Then, we
use the text encoder in BERT (Devlin et al.,
2018) to map this concatenated expression to a
semantic embedding space. As such, we obtain
embeddings of concatenated expressions from
all objects. Then, we cluster these embeddings
into indeterminate number of clusters by using
DBSCAN (Ester et al., 1996) method. We use
LLaMA to generate text for clusters with multiple objects. The details of using LLaMA to mine
object commonalities are in Sec. E. The generated text indicates the summarized expression we aim
to produce for multiple objects.

Post Processing. After generating expressions for single and multiple objects, we verify and re-
move the repeated expressions that pertain to the same object. Then, we utilize LLaMA to further
diversify these generated expressions while preserving their original intents, i.e., we use LLaMA to
do synonymous rewriting of generated expressions. The prompt we use for synonymous rewriting
is provided in Sec. I. We observe that for different objects in one image, the expression for one
object may be similar to that of others. These expressions are ambiguous since we can not refer
to a unique object based on their referring. Nevertheless, we transfer these expressions to refer to
multi-objects since they express a set of objects in one image. This transfer further augments multi-
object referring expressions. Finally, we collect these remaining expressions after post processing as
instructions. Together with corresponding object bbxs and images, we construct our InDET dataset
by incorporating diversified object detection instructions encompassing user intentions.

4 DATASET ANALYSIS

Our InDET dataset contains images from MSCOCO (Lin et al., 2014), Flicker (Plummer et al.,
2015), and Objects365 (Shao et al., 2019). There are 120.6K images with 908.4K referring object
sets in total. Together with original expressions, there are 3.6M instructions in total, making InDET
the largest real-world REC dataset at present. The average instruction length is 6.2 words and the
vocabulary size is 63k words, which surpasses existing automatically annotated datasets in terms of
instruction quantity, richness, and vocabulary breadth. We split the images into training, validation,
and testing sets, with the corresponding instruction amount of 3139K, 240K, and 247K, respectively.
In the following, we first propose a guideline that represent common user intentions and divides
existing instructions into 6 groups. Then, we analyze all the instructions in InDET according to this
guideline to show how our InDET advances REC scenario compared to existing datasets.

Instruction Guideline. The instructions in InDET dataset describe objects from various perspec-
tives. We observe that these descriptions all focus on object category, attribute, and relations, but
with different emphasis extent. Based on expression complexity, we establish a guideline that di-
vides all instructions into 6 groups. Each group reflects one level of emphasis on category, attribute,
and relations. Table 1 shows our guideline and examples. The first four groups are for single object
and the last two groups are for multiple objects. In the first group (G1), there is only one single
phrase to describe object category, which is similar to the traditional object detection task. From G2
to G4, more phrases are involved to describe the target object. For G5, we construct a spliced form
to combine instructions from different single objects. In G6, the instruction is a general description
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Table 1: Instruction guideline and samples. Our guideline contains 6 aspects and covers common
user intentions. These aspects are built upon object category, attribute, and relations with different
emphasis levels. We use ⋆ and ⋆⋆ to indicate the description complexity of different aspects.

Aspect Category Attribute Relation Examples

Single
Object

1
2

3

4

pencil; two children; soccer ball; city street
shirts with English letters; red and white airplane
man in blue shirt halfway on screen; 
people who are sitting under an umbrella;
a man in a grey sweater and black jeans performing a
skateboarding trick;
a woman sitting cross-legged on the couch with her back
facing the viewer. She has a white shirt and black pant;

Multiple
Objects

5 Single object combination

Commonality generalization

a black hat on a man's head and red umbrella and
blue truck in rains

every object on table; kids playing with the blond boy6

the glasses are sitting on top of some kind of paper or
folder and there is a book and a lantern next to it

Num of
Words

Amount (e6)

(a) Length distribution (b) Diversity distribution
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Similarity Group
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Figure 5: Dataset analysis of expression length, diversity and group distributions.

of commonality between multiple objects. To this end, the instructions from G1 to G6 gradually
introduces semantic understanding, visual language grounding, and logic reasoning for ROD. After
guideline construction, we use LLaMA to assign each instruction into our groups by using in-context
learning that let LLaMA to understand assigning principles and in-context assigning examples. The
detailed usage of LLaMA for instruction assign is shown in Sec. F.

Instruction Length, Diversity, and Aspect Ratio Distributions. We analyze our InDET from
the instruction length, diversity, and ratio distribution in our guideline groups. The RefCOCO and
Flicker datasets are introduced for comparison. Fig. 5(a) shows the number of word distribution
where the instruction of InDET contains more words than the other two datasets. Moreover, there
are 100K instructions in our InDET consist of more than 10 words, while other datasets do not
contain such informative expressions. In Fig. 5(b), we show diversity comparison where we use
CLIP to map all instructions into a semantic space. Then, for the same target objects we compute
average pairwise cosine similarity. The results show that our InDET contains lower value than other
datasets, which indicates that our instructions are more diverse when describing the same target
object. In Fig. 5(c), we show aspect ratio distribution of expressions assigned by our guideline. For
existing datasets, user expressions commonly exist in G1 and G2. In contrast to the user expressions
that seldom exist from G3 to G5 for Flicker, and seldom exist in G5 and G6 for RefCOCO, the
instructions in our InDET exist normally in all groups. This distribution shows that our InDET is
more effective to encompass common user intentions, especially for multiple objects. By leveraging
our InDET, the ROD model becomes more practically applicable.

5 REFERRING OBJECT DETECTION

In this section, we illustrate our model design for ROD task. We notice that ROD shares little
difference with visual grounding (VG). First, ROD produces uncertain number of object bbxs (i.e.,
0, 1, or multiple) based on one input instruction, as shown in Fig. 1. Second, ROD supports abstract
and summarized object descriptions (e.g., “all objects on the table”) that do not clearly refer to
specific objects such as “bottle”, “orange”, and “knife”. As recent VG models (Zhang et al., 2022;
Liu et al., 2023c) require a one-by-one verification between visual objects and expression words,
they are not able to execute such instructions. Motivated by the difference, we set up a conventional
framework from DETR-based VG models (Zhu et al., 2022; Yan et al., 2023). Fig. 6 shows an
overview of our DROD model. We illustrate key steps as follows:

Given an image with text instruction, we use visual and text encoders (Dosovitskiy et al., 2021;
Devlin et al., 2018; Ge et al., 2023) to obtain their embeddings. Then, we use a bi-directional cross
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attention module to perform multi-modality embedding fusion. For the fused visual embedding, we
sent it to the transformer encoder and decoder structure (Zhu et al., 2020) with N learnable queries
as position priors (Meinhardt et al., 2022; Ge et al., 2021). Then, the decoder produces N instance
proposals for further selection. For the fused text embedding, we pass it through a global average
pooling and MLP for text2visual embedding space mapping. Finally, we use cosine similarity to
match proposals and mapped text embedding. During the training stage, we use confidence loss
and localization loss via supervised learning. During the inference stage, we select proposals whose
matching scores are above a predefined threshold, which allows our model to produce arbitrary
number of bbxs for diversified instruction execution. More details are shown in Sec. G.

6 EXPERIMENTS

a blonde lady
wearing a long

white scarf

Cross
Attention

Transformer
Encoder

Transformer
Decoder

Language
Embedding

Image
Embedding

Pool+MLP

Figure 6: An overview of our diversified referring
object detection (DROD) model.

We evaluate the ROD performance on standard
VG benchmarks (i.e., RefCOCO, RefCOCO+,
and RefCOCOg) and our InDET dataset. As
illustrated in Sec. 4, the images with marked
objects of our InDET dataset are collected
from existing datasets while the instructions are
significantly enriched. We split the training
and test set of InDET following RefCOCO/g/+
where the test set contains 6.5k images with
an increased number of instructions to 315K.
Moreover, these instructions are assigned to 6
groups according to our guideline. The perfor-
mance on each group reflects how VG methods perform when processing different aspects of user
instructions. The comparing methods in our experiments are from recent VG methods including
MDETR (Kamath et al., 2021), Grounding-DINO (Liu et al., 2023c) and UNINEXT (Yan et al.,
2023). Due to page limit, we show the evaluation results on our InDET, our InDET with shuf-
fled expression, and standard benchmarks. Model training, and ablation studies on partial LLaVA
finetuning and visual prompt selection are provided in Sec. G and Sec. H. We also provide visual
comparison results of these methods in Sec. A. A video demo showing the practical usage of our
DROD model is in our webpage.

Table 2: Evaluation results on our InDET and shuffled InDET test sets. We show the object bbx
average precision (AP) values (%) of these two test sets with a slash (‘/’) separation.

Method Backbone AP
AP by Group

G1 G2 G3 G4 G5 G6
MDETR ResNet101 34.86 / 31.21 47.44 / 46.61 46.79 / 42.55 34.14 / 28.13 23.22 / 16.86 25.91 / 23.52 28.17 / 23.66
G-DINO SwinB 35.96 / 30.43 47.10 / 45.91 47.17 / 42.56 35.29 / 27.28 26.84 / 18.46 27.95 / 23.74 27.61 / 23.57
UNINEXT ResNet50 43.37 / 37.61 54.49 / 53.09 54.52 / 49.91 44.49 / 35.59 37.17 / 28.30 31.41 / 28.28 32.01 / 27.52
DROD (Ours) ResNet50 62.24 / 53.78 67.14 / 65.08 67.34 / 61.56 60.89 / 48.82 55.10 / 41.50 70.15 / 64.64 74.22 / 67.11
DROD (Ours) ViT-H 66.90 / 57.32 72.53 / 69.79 72.47 / 65.44 66.42 / 52.50 59.86 / 46.01 73.34 / 67.82 75.92 / 68.73

In our InDET test set, we compare our DROD model to other methods under the evaluation metric
of object bbx average precision with a threshold of 0.5. On the other hand, we investigate whether
these methods have truly comprehended the meaning of instruction, or they perform ROD only
based on the key words (e.g., noun) without comprehending the whole expression. So we shuffle the
InDET test set by randomly ordering the words in each instruction. We produce results of existing
VG methods on our InDET test set without assuming object numbers in advance. For one method,
if its performance drops more on the shuffled data, this method is shown to better comprehend the
meaning of instruction.

Table 2 shows the evaluation results. Overall, UNINEXT achieves a higher AP than MDETR (i.e.,
43.37 v.s. 34.86) in our InDET test set, while decreasing more than MDETR (i.e., 37.61 v.s. 31.21)
in shuffled data. This indicates that UNINEXT is more effective than MDETR for ROD and bet-
ter comprehends instruction meaning. Meanwhile, UNINEXT achieves a higher AP value than
Grounding-DINO. In comparison, our DROD largely surpasses UNINEXT (62.24 v.s. 43.37) on the
overall AP comparison, and using a VIT encoder further increases our performance. This indicates
that our DROD is more effective to comprehend generalized instructions for ROD. Meanwhile, we
observe that our performance drop is larger than UNINEXT (8.46 v.s. 5.76), which shows that our
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Table 3: Evaluation results on the RefCOCO/g/+ datasets. We follow evaluation protocols to report
AP values (%) of comparing methods. We use the notations ”CC”, ”VG”, ”OI”, ”O365”, ”RIGame”,
for COCO, Visual Genome, OpenImage, Objects365, ReferItGame, respectively.

Method Backbone Data
RefCOCO RefCOCO+ RefCOCOg

val testA testB val testA testB val-u test-u
RefTR ResNet101 VG 85.65 88.73 81.16 77.55 82.26 68.99 79.25 80.01
SeqTR DarkNet53 VG,RIGame,Flickr,RefC 87.00 90.15 83.59 78.69 84.51 71.87 82.69 83.37
MDETR ResNet101 GoldG,CC,RefC 86.75 89.58 81.41 79.52 84.09 70.62 81.64 80.89
G-DINO SwinB O365,CC,RefC,GoldG,etc 83.95 87.79 79.16 72.91 80.91 62.96 76.98 76.76
UNINEXT ResNet50 O365,CC,RefC 87.64 90.35 83.49 78.14 83.22 68.71 80.96 81.86
DROD (Ours) ResNet50 O365,CC,InDET 88.92 90.86 85.57 78.27 83.39 71.04 83.01 82.91

AP

（a）Numerical Results （b）Visual Comparisons

An object that protects
the woman in the picture
from direct sunlight

InDET

RefCOCO+Flicker

The most helpful thing for thirsty people

InDET

RefCOCO+Flicker

Figure 7: Our InDET dataset improves logic reasoning of ROD models. In (a), existing models
trained with our InDET dataset show superior results compared to other datasets. In (b), we show
visual comparisons by using the same DROD model but with different training datasets.

model better comprehends different expressions. Specifically for the results in each group, we notice
that our performance drop is little in G1, and becomes larger from G2 to G4. This is because more
and more words are introduced from G1 to G4 for object description. A random order gradually af-
fects our model comprehension. For G5 and G6, we note that our method largely outperform other
methods. The multi-object instructions incorporated in the dataset improves our performance.

Besides evaluating our InDET test set, we compare our DROD model with existing VG meth-
ods (Zhu et al., 2022; Li & Sigal, 2021) on the standard VG benchmarks RefCOCO/g/+. Table 3
shows the evaluation results. Overall, our DROD model achieves favorable performance on these
datasets. This is because our DROD model utilizes InDET dataset where diversified instructions im-
prove model generalizations. By using a conventional ROD model, we improve the VG performance
from the data diversity perspective.

In addition to the overall precision comparisons, we evaluate how our dataset improves logic rea-
soning and instruction comprehension of existing models. Specifically, we select 2k test samples
from our InDET test dataset where logic reasoning on instructions is required for object detection.
For each model (i.e., MDETR, G-DINO, or UNINEXT), we train it by using different datasets
(i.e., RefCOCO, Flicker, or InDET) and show the performance comparison on our 2k test samples.
Fig. 7(a) shows the evaluation results where each model trained with our InDET dataset outperforms
the same model trained with other datasets. In Fig. 7(b), we show visual comparisons by using our
DROD model but with different training sets. It shows that using original datasets, the model tends
to ground keywords rather than preform multi-modal reasoning based on instructions. In compar-
ison, by training with our InDET, the model well interprets instruction meaning and conduct logic
reasoning across languages and visual images.

7 CONCLUDING REMARKS

We aim to push ROD into practical usage from a data-centric perspective. On one hand, we notice
that current REC expressions are insufficient to encompass user detection intentions. On the other
hand, foundation models have shown promising generalizations to simulate manual understanding
and description abilities. To this end, we develop InstructDET that leverages foundation models to
produce human-like expressions in REC, which tends to incorporate common user intentions into
ROD training. As a result, our DROD model achieves favorable performance compared to existing
VG methods. In the future, we can combine our method with open-set object detectors to fully
explore in-the-wild images (e.g., Internet images) for comprehensive user expression generation.
We expect our DROD model to generalize as much as existing foundation models, and thus take a
huge step towards completely solving ROD task.
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