The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

ChatterBox: Multimodal Referring and Grounding with Chain-of-Questions

Yunjie Tian!*, Tianren Ma'*, Lingxi Xie?, Qixiang Ye!’

'University of Chinese Academy of Sciences
2Huawei Inc.
{tianyunjie19, matianren18 } @mails.ucas.ac.cn, 198808xc @ gmail.com, gxye @ucas.ac.cn

Abstract

In this study, we establish a benchmark and a baseline ap-
proach for Multimodal referring and grounding with Chain-
of-Questions (MCQ), opening up a promising direction for
‘logical’ multimodal dialogues. The newly collected dataset,
named CB-300K, spans challenges including probing dia-
logues with spatial relationship among multiple objects, con-
sistent reasoning, and complex question chains. The base-
line approach, termed ChatterBox, involves a modularized
design and a referent feedback mechanism to ensure logi-
cal coherence in continuous referring and grounding tasks.
This design reduces the risk of referential confusion, simpli-
fies the training process, and presents validity in retaining the
language model’s generation ability. Experiments show that
ChatterBox demonstrates superiority in MCQ both quanti-
tatively and qualitatively, paving a new path towards multi-
modal dialogue scenarios with logical interactions.

Code — https://github.com/sunsmarterjie/ChatterBox

Introduction

Large language models (LLMs) have shown impressive
capabilities across a wide range of natural language
tasks (Brown et al. 2020). In the computer vision com-
munity, researchers have integrated LLMs with images
and videos to create Multimodal Large Language Models
(MLLMs), enabling them to understand and handle visual
information (Alayrac et al. 2022; Li et al. 2023b; Liu et al.
2023a; Li et al. 2022a). Multimodal dialogue with referring
and grounding tasks, which explores MLLM’s visual under-
standing and interaction ability (Peng et al. 2023; Chen et al.
2023b; You et al. 2023), has gained widespread attention.
Despite the progress achieved, understanding referential
objects in continuous dialogues remains challenging. In pure
natural language dialogues, determining nominal substitu-
tion (e.g., ‘it’, ‘that’, ‘all’, ‘the former’, etc.) may be ordi-
nary, as the contextual information is usually provided ex-
plicitly. However, in a multimodal dialogue, visual infor-
mation is implicitly encoded, and relationship among vi-
sual objects might be overlooked or confused. When asked
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Figure 1: An example of MCQ. Colored [R] and [V]
are trigger words that tell the model to accept referring or
give grounding information. From Q)1 to g, these ques-
tions constitute a logical chain. A referential confusion can
lead to subsequent inaccuracies, which brings challenges to
MLLMs.

to generate answers based on visual reasoning, MLLMs
may struggle to associate words with its visual entity, lead-
ing to difficulties with referential issues. To address this
problem, we introduce Multimodal referring and ground-
ing with Chain-of-Questions (MCQ), opening up a promis-
ing direction for logically continuous multimodal dialogues.
MCQ encompasses a sequence of logically related ques-
tions, where the answer to each question is derived from the
exact understanding of the foregoing information. Specifi-
cally, we demonstrate an example in Figure 1, where each
question is intricately linked to the previous one, implying
that a referential confusion could result in a series of subse-
quent inaccuracies.

Our contributions to advancing MCQ are two-fold. (1)
We establish a new benchmark named CB-300K, which
comprises the first-ever instance-level image-text dataset for
MCQ and an evaluation metric that considers the accu-
racy of both visual and linguistic understanding in chain-
of-questions. (2) We set up a baseline named ChatterBox to
solve the challenging task. The main difference from the ex-
isting MLLMs (Peng et al. 2023; Chen et al. 2023b; You
et al. 2023) lies in the modularized design and the referent
feedback mechanism. The modularized design introduces
independent vision modules (for referring and grounding
tasks) and connects them with the LLM by feeding/produc-
ing a specified token for each task. The referent feedback
mechanism embeds the preceding visual cues into the sub-



sequent question to assist reference. While answering ques-
tions, this strategy avoids ambiguity in language descrip-
tions and increases the probability of finding the correct ob-
jects.

We conduct both quantitative and qualitative studies, af-
firming ChatterBox’s superiority over existing models in
MCAQ. ChatterBox also transfers to easier tasks (e.g., single-
round dialogues, referring, grounding) seamlessly. Our re-
search advocates that delicate and precise interactions are
strongly required to enhance the ability of multimodal dia-
logue as well as artificial general intelligence systems.

We summarize the contributions of our work as follows:

* We introduce a new task named Multimodal referring
and grounding with Chain-of-Questions (MCQ), aimed
at fostering more natural and seamless interactions with
multimodal dialogue systems.

e We propose a data construction scheme and establish
the CB-300K benchmark to facilitate the research in
MCQ. Besides chain-of-questions, CB-300K also in-
volves instance-level multi-round dialogues with com-
plex spatial relationships and consistent reasoning.

* We present ChatterBox with a modularized design that
minimizes the impact on the text generation ability of the
language model and a referent feedback mechanism that
mitigates the referring confusion. Both techniques con-
tribute to the better performance of MCQ.

Related Work

Multimodal Large Language Model. Large language
models (Devlin et al. 2018; Touvron et al. 2023; Brown et al.
2020; Chiang et al. 2023; Chung et al. 2022; Zeng et al.
2022; Thoppilan et al. 2022; Chowdhery et al. 2022; Zhang
et al. 2022b) have opened a new era of Al, demonstrating the
potential to create a generalist model that can even cover dif-
ferent modalities. The computer vision community has wit-
nessed a trend of unifying vision and language data using
multimodal large language models (Li et al. 2022a, 2023b;
Alayrac et al. 2022; Liu et al. 2023a). Pioneering efforts have
focused on aligning vision and language data into the same
feature space (Radford et al. 2021; Alayrac et al. 2022) and
adapting an LLM to visual tasks have been made internally
or externally, with cross-attention (Alayrac et al. 2022) or
Q-former (Li et al. 2023b) modules.

Multimodal Instruction Data. Inspired by the instruction
tuning mechanism (Ouyang et al. 2022) of the GPT se-
ries, MLLMs started collecting instruction data from vari-
ous sources. One of the early efforts was visual instruction
tuning (Liu et al. 2023a) which provides a novel method for
data construction by feeding external metadata into GPT-4
to generate detailed conversations. The idea was followed
by other works (Chen et al. 2023a,b) to harvest various
types of instruction data. In another approach, the image
feature was fed to an MLLM and prompted for instruction
data (Zhu et al. 2023). Moreover, richer information, such
as phrase grounding, has been collected (Peng et al. 2023)
with the assistance of external vision-language models, such
as GLIP (Li et al. 2022b). The new data and learning strat-
egy enabled more abilities to emerge via multimodal dia-
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Set ‘ # threads ‘ # Q&A pairs
CB-RGB 77,814 437,229
CB-CoQ 7,834 25,617
CB-REF 183,446 183,446
CB-GND 70,783 70,783
CB-300K | 339877 | 717,075

Table 1: The number of threads and the number of question-
and-answer pairs of each individual subset and the entire
benchmark.

logue (Liu et al. 2023a; Gong et al. 2023; Alayrac et al.
2022; Wang et al. 2023b; You et al. 2023; Lai et al. 2023).

MLLMs with Instance-Level Understanding. MLLMs
can be largely enhanced with instance-level understanding,
i.e., the models can (1) respond to questions targeted at spec-
ified regions of the image and (2) find regions that corre-
spond to the contents in the dialogue. We address these two
abilities as visual referring (Zhang et al. 2023; Qiu et al.
2024; Chen et al. 2023a; Ma et al. 2024) and visual ground-
ing (Peng et al. 2023; Liu et al. 2023b), respectively. There
are two main approaches to integrate them together, differ-
ing in whether to encode the position information explic-
itly or not. Explicit methods (Peng et al. 2023; Wang et al.
2023a) are easier to optimize and explain by introducing lo-
cation tokens, while implicit methods (Chen et al. 2023b;
Wang et al. 2023b; Xuan et al. 2023) offer greater flexibility.

CB-300K: A New Benchmark with
Chain-of-Questions

We establish a benchmark named ChatterBox-300K (CB-
300K for short) with the aim to advance multimodal dia-
logue systems. Different from previous work’s dataset cu-
ration (Liu et al. 2023a; Peng et al. 2023; You et al. 2023),
CB-300K incorporates multimodal chain-of-questions about
complex spatial relationships and consistent reasoning
among multiple instances. To construct CB-300K, we lever-
age the Visual Genome dataset (Krishna et al. 2017) due to
its richness of instance-level relationship annotations, and
get assistance from GPT-4. A new metric is also proposed to
evaluate MLLMs in this new setting.

Data Collection
When an image is sampled from Visual Genome, we refer to
the annotation data which mainly has three parts: (1) objects
with bounding boxes (e.g., there is a man at [z1,y;, w1, h]
and a computer at [x2, Y2, w2, ha)), (2) the relationship be-
tween objects (e.g., the man is operating the computer), (3)
auxiliary attributes of objects (e.g., the man is in black). We
summarize all this information into pure text contexts, which
are then fed to GPT-4. We instruct GPT-4 to generate Q&A
pairs of different aspects. An additional request for GPT-4 is
that, in each sequence of consecutive Q&A pairs, the latter
questions should be built on the former ones to construct the
generic multi-round dialogues.

In summary, there are four subsets in CB-300K including
a generic subset, a chain-of-question subset, and two specif-
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Q: Describe this region <
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1t
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A: There is a cup in this region.

8.
fork:[109,165,154, 208], white and porcelain mug:[0,88,83,175]> ...
CB-CoQ (Chain-of- Questions)

CB-GND (Grounding)

>. Q: Where is the food?
A: The food is on a plate < >

Q: Where is the teddy bear?
A: It’s behind the plate. < >

Q: How can I find the white and porcelain mug?

A: The white and porcelain mug is on the coffee

>? table. <white and porcelain mug:[0,88,83,175] >

CB-RGB (Referring and Grounding Basis)

Q1: What is on the round and white plate? < >
A1l: The round and white plate has a blueberry piece pie, and white ice cream on it. <
>

Q2: What is the filling of the blueberry piece pie? < >
A2: The filling of the blueberry piece pie is berries. < >

Q3: What is the object on table besides the bear? < >
A3: The objects on coffee table besides bear are round and white plate, butterknife, fork, and white

butterknife:[46,142,125,213],

Q1: What is the food placed on? < >

Al: The food is on a plate. < > o
Q2: What is behind this plate? < > Dataset Scale «f
A2: There is a teddy bear. < > CB-REF: 183K
Q3: What is it on? < > CB-GND: 71K
A3: The teddy bear is on the coffee table. < > A

Q4: What is in the corner of it? < > gg EGg 78K
Ad: Tt is a cup. <cup:[0,87.81,172]> ... -CoQ: 8K

Figure 2: The CB-300K benchmark comprises four subsets. The former two subsets, CB-REF and CB-GND, are produced
using manually designed rules and then polished by GPT-3.5. The latter two subsets, CB-RGB and CB-CoQ, are obtained by
prompting GPT-4 to read the metadata and generate questions and answers. This figure is best viewed in color.

ically designed subsets, as illustrated in Figure 2. Among
them, CB-CoQ is the core subset of CB-300K. It con-
tains chain-of-question (MCQ) dialogues, and its construc-
tion is rather challenging: (1) adding strict restrictions upon
the prompt we used to generate CB-RGB (e.g., each ques-
tion must be built upon exactly one aforementioned rela-
tionship), (2) deleting invalid question-and-answer pairs us-
ing manually-designed rules (e.g., logic-deficient dialogues,
mismatched or missing boxes, etc.), and (3) calling GPT-4
again to check the entire thread, cleaning up incorrect de-
scriptions and contradictions. The filtering procedure guar-
antees CB-CoQ’s high quality, but the strict rules and GPT-
4’s limited ability makes its size relatively small.

Table 1 displays the statistics of CB-300K. We extracted
800 threads in CB-RGB and 200 threads in CB-CoQ for
testing, and the remaining threads are used for training.
The CB-300K dataset differs from existing multimodal dia-
logue datasets (LLaVA-Instruction-150K (Liu et al. 2023a),
Shikra-RD (Chen et al. 2023b), efc.), showcasing advance-
ments in the following aspects. 1) CB-300K constructs a
precious subset for MCQ. By structuring logical coherence
between multimodal dialogues, CB-CoQ provides a foun-
dation for MLLMs to conduct thorough visual understand-
ing based on chain-of-questions. 2) CB-300K focuses on
deeply excavating instance-level information. Abundant an-
notations are provided for visual referring and grounding re-
quests. With a bounding box assigned to each instance in
the image, the granularity of multimodal dialogues can be
enhanced effectively. 3) CB-300K is an integrated and ver-
satile dataset. Users can use different subsets to train indi-
vidual yet complementary abilities and combine them into a
strong interaction system.
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Evaluation Metric

For the relationship understanding tasks, existing metrics re-
volves around the model’s performance within a single re-
sponse (Li et al. 2023a; Yu et al. 2023b). This makes it more
important to develop a metric that can evaluate the model’s
response to a series of upcoming questions.

We have noticed that some recent studies have applied
state-of-the-art LLMs for evaluation (You et al. 2023; Bai
et al. 2023). However, this approach carries certain risks:
(1) GPT-4’s speculative sampling strategy and online up-
date brings unstable randomness during evaluation; (2) GPT-
4 may develop certain preferences during instruction tun-
ing, making its quantitative decisions biased. Therefore, we
use RoBERTa-large (Liu et al. 2019) to calculate the BERT
score (Zhang et al. 2019) that can evaluate the similarity be-
tween the model’s output and the ground-truth answer.

Within each round, the setting is similar to grounded im-
age captioning (Zhou et al. 2020; Li et al. 2023c). We em-
ploy two scores for evaluation: The first term utilizes the
BERT score to evaluate the language part. The second term
focuses on the visual grounding precision, taking into ac-
count the IoU between the detected and ground-truth bound-
ing boxes.

If there is no request for grounding (i.e., M
0), the single-round score equals BERT(a,,,a,), where
BERT(-, -) denotes the BERT score function, and a,, and
ay, are the output and ground-truth answer texts; otherwise,
it is computed by

M

t = X-BERT(a,,,a%,) + (1 —\)- % > ToU(b,,, by,),
m=1

(1)
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Figure 3: The architecture of the ChatterBox model. ChatterBox adopts a modularized design (LLM for language output, Region
Align for referring, and Grounding Decoder for grounding) and referent feedback mechanism to resolve MCQ. ChatterBox takes
image, referential region (if triggered with [REF]) and language instruction with preceding information as input, generates
visual grounding results (if triggered with [GND]) and language answers. This figure is best viewed in color.

where b,,, and b}, are the detected and ground-truth bound-
ing boxes for the m-th object. \ is a hyper-parameter that
balances the linguistic and visual scores, which is set to be
0.3 to balance these two terms.

In the context of chain-of-questions, adherence to logical
coherence is crucial. If a referential confusion happens in the
preceding round (e.g., incorrectly identifying an object), the
subsequent questions (e.g., inquiries regarding the attributes
of the object) lose their significance. To reflect this mecha-
nism, we introduce a set of hyper-parameters named trun-
cation thresholds, {7,})_;, throughout the entire thread,
where N is the number of rounds. For any n, if ¢, com-
puted by Eq. 1 is smaller than 7,, we immediately termi-
nate the thread and set all scores in the later rounds to be 0.
The overall evaluation score is the average of all rounds, i.e.,

N
T= % Zn:l tn

ChatterBox: Understanding
Chains-of-Questions

The overall architecture of the ChatterBox model is pre-
sented in Figure 3. We start the section by introducing
the detailed modularized design. We then present the refer-
ent feedback mechanism for MCQ. Finally, we provide the
training process and a discussion of the ChatterBox design.

Modularized Design

In contrast to existing approaches that employ coordinates
to address visual referring and grounding tasks (Peng et al.
2023; Chen et al. 2023b; You et al. 2023), ChatterBox in-
troduces a modularized design that ensures certain auton-
omy for both language and vision modules. The language
model of ChatterBox exchanges a single token with the vi-
sion module for internal communication. This design sim-
plifies the optimization process, accelerating ChatterBox’s
training procedure (~ 15 GPU days). Moreover, the inher-
ited modules are minimally affected so that the grounding
module produces boxes with high mloU (Table 4) while
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the language model demonstrates text generation capabili-
ties comparable to the baseline (Table 2).

Multimodal understanding. ChatterBox employs a large
multimodal model that takes images (Ximg) and texts (X¢xt)
as input and outputs text answers and query tokens to guide
the grounding module. We feed xy to the language branch
of the CLIP-L/14 model (Radford et al. 2021), and X;,g (re-
sized into 224 x 224) into the vision branch of the same
CLIP-L/14 model. The outputs are a set of language to-
kens, denoted as fi.;, and a set of 16 x 16 vision tokens
denoted as f] . It takes fi.; and f] . as input to the large
language model and output two-fold embeddings. The first
set is simply decoded into the text answer, denoted as z,s.
The second set corresponds to the queries of visual ground-
ing, denoted as ggn4, Which is only produced when the mul-
timodal model detects a request for localization in the ques-
tion. The multimodal model is inherited from LLaVA (Liu
et al. 2023a), and fine-tuning is performed using the LoRA
algorithm (Hu et al. 2021).

Visual grounding. The Grounding Decoder in Figure 3 is
the module for visual grounding. In detail, we resize Ximg
into 512 x 512 and feed it to an ViT model (Tian et al. 2023)
which is pre-trained on Object365 (Shao et al. 2019). The
output is a set of features with resolutions of 128 x 128,
64 x 64, 32 x 32, and 16 x 16, respectively, denoted as
{fimg}. We use ggna to query the multi-scale feature set
{fimg} for visual grounding. The module follows an en-
hanced DETR (Carion et al. 2020) object detector named
DINO (Zhang et al. 2022a). Differently, to facilitate com-
munication between them, we design a two-stage querying
mechanism. In the first stage, we perform cross-attention be-
tween ggnd and {fi,g } to generate some mixed tokens and
propagate them through a few self-attention layers (a.k.a.
the encoder) followed by a query selection module. In the
second stage, qgnq is expanded in dimension and directly
added to the queries generated in the first stage (both the la-
bel queries and box queries are generated by the DINO en-



Method Round #1 Round #2 Round #3 T
etho [ f— —
BERT(:) IoU(:,") t BERT(:) IoU(,-) t BERT(:) IoU(:,-) t

LLaVA (Liu et al. 2023a) 0.935 - - 0.912 - - 0.900 - - -
GPT4Rol (Zhang et al. 2023) 0.915 — — 0.881 — — 0.867 — — -
Kosmos-2 (Peng et al. 2023) 0.902 0.282 0.468 0.887 0.244 0.437 0.871 0.137 0.357 | 0.421
Shikra (Chen et al. 2023b) 0.913 0.272 0.464 0.891 0.231 0.429 0.870 0.132 0.353 | 0415
LISA (Lai et al. 2023) 0.917 - - 0.882 - - 0.870 - - -
ChatterBox w/o RF 0.930 0.401 0.560 0.918 0.377 0.539 0.908 0.306 0.487 | 0.529
ChatterBox w/ RF 0.930 0.401 0.560 0.920 0.379 0.541 0.915 0.310 0.492 | 0.532

Table 2: A quantitative comparison of the MCQ metrics between ChatterBox and prior works.

coder) and the obtained queries are then propagated through
a few attention layers (a.k.a. the decoder) to produce the set
of box proposals and eventually the bounding boxes, Bgna.
Visual referring. To build a referring module (Region Align
in Figure 3), we follow GPT4Rol (Zhang et al. 2023) to in-
sert a special language token [BBOX] as a placeholder. The
token embedding is then replaced by the features extracted
from the corresponding region, for which the RolAlign (He
et al. 2017; Zhang et al. 2023) operation is performed on the
same CLIP-L/14 model. During referring, ChatterBox em-
beds a region into a token using the referring module and
positions the resulting token next to the region in the text, as
illustrated in figure 3.

Referent Feedback

The referent feedback mechanism (RF for short) is crafted to
aid the multimodal model in comprehending referential in-
stances within continuous dialogues. It functions by feeding
back the grounded box from the previous question as a re-
ferring token (termed as feedback token) into the subsequent
questions. Unlike the visual referring task of ChatterBox,
where the referring token is placed within the question next
to the referred instance, the feedback token is inserted at the
end of the question to distinguish the referring task. Specif-
ically, RF uses the referring module to embed the grounded
region generated in the previous question into a token em-
bedding. This token embedding is then inserted at the end
of the next question. The feedback token can originate from
the referred region, similar to the first-round dialogue in Fig-
ure 3. We note that we only utilize the RF mechanism when
the confidence score of the grounded box is high enough
(>0.8) and the next question uses referential words (such as
‘it’, ‘this’, ‘he’, efc.).

Figure 3 depicts two examples of the referent feedback
mechanism in a three-round continuous dialogue. In the ini-
tial round, a visual referring request triggers the referring
module to process the referred region (green region), gen-
erating a referring token positioned next to the referred in-
stance (‘area’). In the subsequent request with the referential
word ‘it’, the referring token serves as a feedback token and
is placed at the end of the question. This token carries region
information, assisting the language model in understanding
that ‘it’ refers to the green region. In the third request in-
volving the referential word ‘else’, which queries the out-
put boxes in the second-round answer, these boxes become
feedback tokens after being processed by the referring mod-
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ule. Subsequently, these tokens are then positioned at the end
of the question to help the model understand that the word
‘else’ implies the model should output answers excluding
the information in these feedback tokens. These feedback
tokens guide the language model, preventing confusion be-
tween similar objects.

Training and Discussion

There are two sources of supervision. For the text output,
we compute the auto-regressive cross-entropy loss between
Zixt and the ground-truth answer, denoted by L. For the
grounding output (if present), we compute the localization
loss between Bgnq and the ground-truth set of bounding
boxes, denoted as Lgnq. The overall loss is then written as
Eoverall = )\txt . Etxt + )\gnd . ‘and7 where )\txt and )\gnd
are coefficients and both of them are set to 1.0 by default.
In practice, we have found that the visual grounding mod-
ule can be challenging to train. Therefore, we adopt a two-
stage training approach to mitigate this difficulty. During the
initial stage, we warm up the training procedure by exclu-
sively using the data related to grounding. Once the ground-
ing loss Lgnq reaches a sufficiently small value, we transi-
tion into the second stage, incorporating all available train-
ing data. In the first stage, we train the multimodal under-
standing ability using LoRA to fine-tune the LLaVA model.
Then, in the second stage, we fine-tune all learnable param-
eters including LoRA and visual modules.
Discussion. The design principle of the ChatterBox model
is to reflect the idea of decomposition, which has been
reflected in prior works (e.g., ViperGPT (Suris, Menon,
and Vondrick 2023), HuggingGPT (Shen et al. 2023),
Chameleon (Yu et al. 2023a), etc.). Under such principles,
the LLM serves as the logic controller to understand the
user’s intention, and the additional ability is implemented
by collaborating with external modules.

Experiment
Experimental Settings

Model architecture. In the grounding module, we em-
ploy a hierarchical transformer pyramid network (iTPN-
B) (Tian et al. 2023, 2024) pre-trained on the Objects365
datasets (Shao et al. 2019) as the visual encoder. For the
location decoder, we employ DINO detector (Zhang et al.
2022a), which by default incorporates 300 queries. DINO it-
self includes an encoder-decoder architecture with 6 blocks



Kosmos-2
How many people are in this image?
There are four people in the image.

Which one of them is wearing
white shoes?

Shikra

How many people are in this image?

Four young men stand in a
field with their backs to the
camera. So the answer is 4.

Can you point out the one of them
wearing white shoes and provide the

% ChatterBox
How many people are in this image?

There are four people in this image.

Which one of them is wearing

The Eerson wearing white
sneakers is the person in
the hoodie. (Bbox in a. )

What is the color of his shirt?

The color of the
person’s shirt is black. X

What pattern is on it?

The T-shirt has a
checkered stripe pattern.x

Kosmos-2

How many people are in this
area (Bboxina. ) ?

There are 12 people in this area)(

Which one of them is wearing a
dress?

Alice is wearing a dress.
(Bboxina.) y x
‘What is the color of it?

It is white.

‘Where is the other one?

The other Herson is standing on
a black and white striped floor.
(Bbox ina.)

‘What is the color of this one’s socks?

X

It s white.

coordinates of its location?
The answer is one in the middlex

‘What is the color of his shirt?
The color of the shirt of the you?
man with white shoes is blue.
‘What pattern is on it?

The answer is plaid.

How many people are in this area
(Bboxinb. ) ?
Two people standing on a stage.

Can you point out the other one and
provide the coords of its location?

The answer is white.

What is the color of this one’s socks?

The answer is white.

white shoes? [GND]

The person wearing white
shoes is the man in the
(No box giliR middle. (Bbox in b. )
What is the color of his shirt?

He is wearing a white shirt.

What pattern is on it?

X

There is a girl on it.

Shikra # ChatterBox

How many people are in the area
(Bbox in c. }J?

There are two people in the region.

Can you point out which one is
wearing a dress and provide the
coordinates of its location?

Answer: [0.326,0.224,0.621,0.771].
(Bbox in b.)

‘Which one is wearing a dress? [GND]

The girl is wearing a dress.
(Bboxinc.)

‘What is the color of it?

What is the color of it?

The answer is blue.  The color of the girl’s dress is white.

‘Where is the other one? [GND]

The boy is on the other side.
They are both on a zebra-like
carpet. (Bbox inc. )

X

(No box out)
‘What is the color of this one’s socks?

It is red and white.

X

Figure 4: A qualitative comparison in the continuous dialogues among Kosmos-2 (Peng et al. 2023), Shikra (Chen et al. 2023b),
and ChatterBox (ours). In the dialogues above, ChatterBox exceeds its counterparts with no confusion or mistakes in its re-
sponses, showcasing its superior ability in continuous dialogues and reasoning.

for each part. In the language (multimodal) module, we use
a LLaVA-13B model (Liu et al. 2023a), which is an MLLM
based on LLaMA (Touvron et al. 2023) and fine-tuned on
a visual instruction corpus. To fuse the visual features with
the query token produced by the LLM, we utilize a cross-
attention operation with a two-way transformer, following
the SAM approach (Kirillov et al. 2023). The individual
modules can be replaced by other choices as long as they
offer the desired functionality, e.g., vision/language encod-
ing and grounding.

Training configurations. We utilize 8x NVIDIA A800
GPUs (80GB) for training, making use of DeepSpeed to im-
prove computational efficiency. In the first stage, we employ
the AdamW optimizer (Loshchilov and Hutter 2017) with a
learning rate of 0.00005, zero weight decay, a batch size of
6, and a gradient accumulation step of 5. We integrate the
WarmupDecayLR learning rate scheduler initialized with a
warm-up iteration count of 50. In the second stage, the learn-
ing rate is adjusted to 0.00003, while the other training pa-
rameters remain unchanged. The data from Groups A, B,
and C are sampled ataratio of 2 : 1 : 10, which aims to max-
imally preserve the ability of visual grounding that we have
established in the first stage. The two stages take approxi-
mately 1.5 and 0.5 days, respectively, with the total training
cost being around 15 GPU-days. Due to limited space, we
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have moved the data pre-processing and organization to the
appendix.

Evaluating the MCQ Task

We first evaluate our model in the MCQ setting using the
metrics defined in Section , and a comparison with prior
works is summarized in Table 2. We curate all threads of
CB-CoQ’s test set into three Q&A pairs, and each round
(except for the first one) is logically related to the previous
rounds.

In terms of the language output, ChatterBox produces
better BERT scores than GPT4Rol (Zhang et al. 2023),
Kosmos-2 (Peng et al. 2023), Shikra (Chen et al. 2023b), and
LISA (Lai et al. 2023) (GPT4RolI, LISA, and ChatterBox all
use LLaVA-13B model), and the advantage becomes more
significant in the latter two rounds, implying its strong abil-
ity in dealing with continuous dialogues. Compared to the
baseline (LLaVA (Liu et al. 2023a)), ChatterBox only ex-
hibits a slight decrease (0.935—0.930) in BERT score, and
surpasses it in the latter two rounds without any suspense.
This result also shows that modularized design has minimal
interference with ChatterBox’s language ability.

Regarding the visual output, only Kosmos-2 and Shikra
are compared, since LLaVA and GPT4Rol cannot perform



RefCOCO RefCOCO+ RefCOCOg

Method
val. testA lestB‘ val. testA testB‘ val.  test

GPT4Rol (Zhang et al. 2023)
Kosmos-2 (Peng et al. 2023)
Shikra (Chen et al. 2023b)

10.8 8.7
103 95

13.5
10.4

11.3 8.8
11.8 11.3

13.4
11.1

10.9
12.3
15.0

11.1
12.2
152

ChatterBox |136 133 136|151 151 143|167 166

Table 3: A quantitative comparison of single-round referring
on the RefCOCO/+/g datasets. All results are evaluated us-
ing the METEOR metric.

Method ‘ mloU ‘ Succ. Rate ‘ mloU @ Succ.
Kosmos-2 (Peng et al. 2023) 0.627 0.688 0.854
Shikra (Chen et al. 2023b) 0.606 0.498 0.668
ChatterBox | o710 | 0762 | 0.904

Table 4: A quantitative comparison of single-round visual
grounding on the COCO (Lin et al. 2014) 2017 test set.
Please refer to the main text for the details of prompts and
metrics.

visual grounding and LISA is unstable in localization '. Sim-
ilarly, ChatterBox achieves the best IoU(-, -) scores through-
out the entire thread. Combining the high quality of lan-
guage and visual output yields the better MCQ scores (i.e.,
{tn} and T'). This capability highlights the effectiveness of
our model in handling grounding tasks.

We conduct another comparison with Kosmos-2 and
Shikra in Figure 4. ChatterBox’s visual module demon-
strates its effectiveness once again, showing a stronger abil-
ity to accomplish continuous quests, while the competitors
may run into failures.

Diagnostic Studies

Single-round referring. Our model, trained for MCQ,
exhibits the anticipated proficiency in single-round refer-
ring tasks. We assess its performance on RefCOCO/Ref-
COCO+/RefCOCOg (Kazemzadeh et al. 2014) and com-
pare it with GPT4Rol (Zhang et al. 2023), Kosmos-2 (Peng
et al. 2023) and Shikra (Chen et al. 2023b). The result sum-
marized in Table 3 shows that ChatterBox outperforms the
competitors.

Single-round grounding. Similarly, ChatterBox can be
used for single-round visual grounding. We compare it with
Kosmos-2 (Peng et al. 2023) and Shikra (Chen et al. 2023b)
on the COCO (Lin et al. 2014) 2017 test set. Table 4 sum-
marizes the box-level IoU, success rate (IoU is at least 0.5),
and mean IoU of successful cases. Since the MLLMs are
sensitive to the prompt, we examine three types of prompts,
including (1) ‘Where is the [name]?’, (2) ‘Can you find
the [name]?’, and (3) ‘Can you tell the position of the
[name]?’, with [name] replaced by the name of object.
We report the result of the best prompt for all the models.
As shown, ChatterBox surpasses Kosmos-2 and Shikra in

'LISA does not support an explicit trigger(e.g., the [GND] to-
ken), and its segmentation mask may contain outliers that deterio-
rate the box-level IoU.
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CB-300K ‘ Ref. Words ‘ Round #1 ‘ Round #2 ‘ Round #3 ‘ T
X 0.929 0.904 0.895 0.478
0.930 0.918 0.908 0.529
X 0.930 0.924 0.921 0.547

Table 5: Diagnostic results in terms of the BERT score and
the 7" score. CB-300K: whether CB-300K is used for train-
ing. Ref. Words: whether nominal substitution (e.g., ‘it’ or
‘the object’ instead of concrete object names) are used in the
inference stage. Note: the third row is not a fair comparison
because it is easier than MCQ.

these metrics. Additionally, ChatterBox also shows stronger
robustness, as the lowest success rate over three prompts is
about 0.6, while the number is around 0.2 for Kosmos-2 (0.5
for Shikra). These results are impressive considering that the
grounding data is 180x fewer (500K vs. 90M). Addition-
ally, We note that the successful cases of ChatterBox exhibit
much higher IoU (0.904) compared to other methods. This
is attributed to the precise box outputs facilitated by Chat-
terBox’s independent grounding module.

Benefit brought by the CB-300K dataset. We test the ef-
fectiveness of the proposed CB-300K in this part and sum-
marize the results in Table 5. The first part involves not us-
ing the CB-300K data for training. Comparing the first two
rows of Table 5, we find that the collected data consistently
improves the model’s ability of MCQ); similarly, the gain is
larger in the second and third rounds. We will release the
CB-300K data to facilitate the research in this direction.
The second part involves not replacing the concrete object
names with pronouns (e.g., ‘it’ or ‘the object’) in the second
and third rounds, which degenerates MCQ into single-round
dialogues because the understanding does not rely on the
former rounds. Not surprisingly, the model reports similar
scores in all three rounds. This indicates that MCQ indeed
increases the difficulty of dialogues, so we believe it is a
promising direction for MLLMs.

Conclusion

Multimodal large language models (MLLMs) are easily con-
fused in handling complex referential questions especially
when the logic forms a long chain. To address this issue, we
propose a challenging task named Multimodal referring and
grounding with Chain-of-Questions (MCQ), opening up an
important direction for enhancing multimodal dialogue sys-
tems with strong logical coherence. We establish the CB-
300K benchmark and equip it with an evaluation metric.
CB-300K offers a large corpus of referring and grounding
quests, many of which require complex logic understand-
ing at the instance level. We also set up a baseline ap-
proach, ChatterBox, to tackle this problem. It is a modu-
larized vision-language model equipped with referent feed-
back, and its effectiveness is validated by dealing with the
MCQ task in the CB-300K benchmark. With the flexibility
to handle complex instance relationships and the stability in
logically continuous dialogues, ChatterBox has the potential
to significantly advance the multimodal dialogue tasks with
complicated and precise interactions.
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