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Abstract— Interactive visual grounding in Human-Robot
Interaction (HRI) is challenging yet practical due to the
inevitable ambiguity in natural languages. It requires robots to
disambiguate the user’s input by active information gathering.
Previous approaches often rely on predefined templates to ask
disambiguation questions, resulting in performance reduction in
realistic interactive scenarios. In this paper, we propose TiO, an
end-to-end system for interactive visual grounding in human-
robot interaction. Benefiting from a unified formulation of visual
dialog and grounding, our method can be trained on a joint of
extensive public data, and show superior generality to diversified
and challenging open-world scenarios. In the experiments, we
validate TiO on GuessWhat?! and InViG benchmarks, setting
new state-of-the-art performance by a clear margin. Moreover,
we conduct HRI experiments on the carefully selected 150
challenging scenes as well as real-robot platforms. Results show
that our method demonstrates superior generality to diversified
visual and language inputs with a high success rate. Codes and
demos are available on https://jxu124.github.io/TiO/.

I. INTRODUCTION

Robots are increasingly entering our daily lives. To work
with non-expert users, they are required to understand
the world visually and interact in languages. Nevertheless,
ambiguities and uncertainties are ubiquitous. Therefore, robots
need to actively seek help from humans to make informed
decisions. This paper focuses on interactive visual grounding
tasks [1], in which robots ask questions to disambiguate
and locate targets by interaction, as shown in Fig. 1. It
poses challenges of 1) how to generate informative questions
to gather information based on dialog history and visual
observations, and 2) how to ground target objects given much
longer dialogues than visual grounding tasks [2], [3]. Previous
approaches usually rely on predefined interactive templates
for disambiguation [1], [4], [5], which usually requires users
to follow rules to interact and are less flexible and robust
against open-world scenarios.

To address this issue, we present Three-in-One (TiO), a
unified model towards end-to-end and robust interactive visual
grounding for HRI in the open world. TiO is trained on a
joint of extensive public data, and show superior generality
to diversified and challenging open-world scenarios. To do
so, our model differentiates sub-tasks with different prompts
and a shared vocabulary including (object-based) caption
generation, (multi-turn) visual question-answering, (multi-
turn) visual question generation, visual dialog, and interactive
visual grounding. On this basis, all sub-tasks are unified in
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 I am hungry.

What would you like to
eat?

There are many fruits
here, and they are all my
favorites. I want grapes
now. Red grapes tend to
be sweeter, but I want
the one having a more
intense taste.

Are you talking about the
blue grapes?

Exactly that one!

OK, I see.

Can you help me get that
woman's attention?

Which one are you
talking about?

The woman with her
index finger up.

No, she is laughing now.

It's the second woman
from the right, wearing
an orange top.

Yes! Thank you!Is it the first woman from
the right?

Fig. 1. TiO in the wild (top row) and the realistic interactive robot
manipulation tasks (bottom row). Each image along with the corresponding
round of in the dialog shows that TiO can ask informative questions based
on previous dialog history and complex observations, while maintaining
explainable internal states to evaluate the grounded candidates (green box)
of the target.

a sequence-to-sequence formulation, i.e., outputs are auto-
regressively predicted with inputs and previous outputs. As a
result, TiO can respond to different prompts accordingly for
different tasks.

We evaluate TiO from three aspects: 1) on standard
interactive visual grounding benchmarks, 2) on human-robot
interaction with challenging and diversified scenes, and 3)
on the real-robot manipulation platform. For 1), we perform
experiments on GuessWhat?! [8] and the more challenging
InViG [9], where the images are posed with ambiguous
instructions and robots are required to ask questions for dis-
ambiguation. Results show that TiO achieves new state-of-the-
art performance of 65.5% and 78.1% accuracy, respectively.
Besides, we comprehensively and empirically analyze the
superiority of TiO by extensive ablation studies. For 2), we
set up a new challenging benchmark including 150 examples
for HRI, to evaluation TiO in the aspect of diversified visual
inputs, understanding attributes and behaviors of humans, and
open-ended instructions. We show that TiO outperforms all
baseline methods by a clear margin, and demonstrate superior
generality to open-world applications. For 3), we deploy TiO
on two real-robot manipulation platforms, one for desktop
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#instruction: which region
does the context describe?
human: Can you help me?
agent: Which one do you
want?
human: Give me the
monkey's favorite fruit.

#instruction: ask a question
to guess what i want.
human: Can you help me?
agent: Which one do you
want?
human: Give me the
monkey's favorite fruit.

#instruction: answer the question
based on the region.
agent: Can you help me?
human: Which one do you want?
#region: <bin_362> <bin_655>
<bin_776> <bin_835>

TRANSFORMER

Vision Encoder Tokenizer & Text Embedding
Oracle

Example
Questioner
Example

Guesser
Example

<bin_362> <bin_655>
<bin_776> <bin_835>Is it the banana?I want that banana.

Segment
Anything

Contact
GraspNet

Human-Robot Interaction

interactive
disambiguation

      TiO

Bounding Box

Fig. 2. Overview of TiO. Left: TiO network, which is a visual-language interactive disambiguation model that can interact with humans through natural
language for disambiguation. It unifies the Questioner, Oracle, and Guesser in a single transformer with different instructions. Right: TiO deployed on
interactive manipulation robots. In our interactive manipulation system, TiO provides the target object’s bounding box based on the disambiguation by
interaction with the human user then converts it into a segmentation map using Segment Anything [6]. Contact GraspNet [7] finally generates the best grasp
based on the projected point clouds.

scenarios following similar settings of [1], [5], and another
for mobile manipulation tasks. Results illustrate that TiO
achieves robust performance on real-robot applications.

II. RELATED WORKS

A. Interactive Visual Grounding

For decision-making in the wild, it is crucial for robots to
interact actively when necessary and avoid ambiguity-induced
mistakes. Classical methods in HRI often rely on predefined
corpora to interact actively [10]–[14]. These methods are
usually designed for specific tasks and scenarios, limiting
their application in real-world interactive scenes. As deep
learning arises, recent advances [15]–[17] have shown promise
to generate open-ended free-form texts for HRI, which
have led to investigations [1], [4], [5], [18] of open-ended
interaction scenarios in real-world settings. Nevertheless, the
interactions still exhibit limited diversity and naturalness due
to a restricted number of templates, making interaction less
flexible and even confusing. To address these issues, recent
research has introduced large-scale interactive datasets for
more natural HRI [9], [19], [20]. Specifically, GuessWhat?!
[20] focuses on interactive visual disambiguation, where the
robot has a visually grounded dialog with humans to identify
a target object by iteratively asking judgment questions.
Nevertheless, methods based on GuessWhat?! still suffer from
limited interaction patters, setting restrictions for the users to
only answer ‘yes’ or ‘no’. Recently, InViG [9] offers more
challenging scenarios with 21k open-ended free-form human-
human dialogues for interactive visual grounding, which have
paved the way for more natural and flexible interactive visual
grounding in open-world scenarios.

B. End-to-End and Unified HRI

With developments in deep learning, visual-language
models (VLMs) [21]–[31] are more and more prevalent to
be the solution of visual-language tasks including Visual

Question-Answering (VQA) [32], Visual Grounding [2], Im-
age Captioning [33], etc. Nevertheless, these models usually
cannot adapt to multi-turn interaction directly. Recently, large
language models have shown promise in language interaction,
with impressive few-shot and zero-shot generality to open-
ended dialogues [34]–[41]. Taking advantage of these models,
recent works have shown promising results in adapting them
to multi-modal inputs [28], [42]–[46]. Nevertheless, these
models are still insufficient to address multi-turn dialogues and
follow open-ended instructions in interactive visual grounding,
which requires the model to reason from dialog history and
visual observations to generate informative questions, and
moreover, guess the target objects.

III. PRELIMINARIES

Interactive visual grounding means grounding targets
visually with ambiguous instructions by iteratively asking
questions to gather information. Formally, a dataset of interac-
tive visual grounding can be denoted by D = {Ii, Hi, Gi}Si=1,
where Ii, Hi and Gi represent the input image, dialog history,
and target bounding box of i−th sample, respectively. S is
the number of samples in total. For each sample, Gi is often
represented using a 4-d tuple < x1, y1, x2, y2 > indicating
the coordinates of upper-left and bottom-right corners. The
dialog history Hi = {Qj

i , O
j
i }Jj=1 is a J-round conversation

between the Questioner and the Oracle. The Questioner is
simultaneously the Guesser, who is to ask questions to guess
the target of the Oracle. The Oracle is the one who knows
the intended object and is responsible for response (with Oj

i )
to the utterances of the Questioner.

During the inference of a model for interactive visual
grounding, previous works [1], [4], [5] usually rely on a
real person to play the role of the Oracle and evaluate the
success rate of visual grounding through multi-turn interaction.
Alternatively, an Oracle model can be trained on the same
dataset [8] for automatic evaluation.
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IV. METHOD

As shown in Fig. 2, our TiO is a unified transformer
for all visual-language sub-tasks that ensemble interactive
visual grounding. To do so, we 1) unify training on datasets
from image captioning, visual question-answering (VQA),
visual grounding (VG), and visual question generation (VQG);
2) unify prompts and predictions for multiple tasks; 3)
unify the encoding and decoding of texts and bounding box
coordinates in the tokenizer. Therefore, during inference, with
the corresponding prompt as inputs, TiO can play the role of
the Guessor, Oracle, or Questioner, with superior performance
compared to baseline methods. Combined with robot grasping
models (e.g. Segment Anything [6] + Contact GraspNet [7]),
TiO can be deployed on the real-robot platform for interactive
manipulation tasks robustly with natural language inputs.

A. TiO Network

a) Backbone: Considering the successful practice of
encoder-decoder Transformer architecture in generative tasks
(e.g., dialog generation, visual grounding) [26], [30], [47],
[48], we have chosen it as the backbone architecture for TiO,
as shown in Fig. 2. Our encoder-decoder transformer model
within the vision encoder has a parameter capacity of ∼930M.
It consists of 24 encoder layers and 12 decoder layers. The
input of the encoder includes both visual and linguistic tokens
from vision encoder and text tokenizer. The decoder is the
predictor for all tasks by auto-regressively generating tokens.

b) Vision Embedding: The scaled image (target resolu-
tion is 512× 512) is directly used as the input of the vision
encoder, then converted into patch features with a 32×32
grid. Through a learnable linear projection layer, it is then
converted into 1024 image embeddings in the hidden space,
which are directly fed into the transformers concatenated with
text embeddings.

c) Text Input/Output: Text tokenization uses BartTok-
enizer along with adding 1000 location tokens for bounding
box prediction. Formally, each location token is represented
by “<bin_i>”, where i ∈ {0, 1, ..., 999}. The tokenization
of object bounding boxes is as follows: each bounding box
(x1, y1, x2, y2) is firstly normalized and then mapped into the
range of [0, 1000). For example, (0.0, 0.12, 0.3, 0.4) can be
converted to "<bin_0> <bin_120> <bin_400> <bin_300>",
and then encoded as location tokens. We utilize the identical
position encoding as [30]. Additionally, we combine the image
embeddings (red blocks in Fig. 2) and text embeddings (blue
blocks in Fig. 2) together through a simple concatenation.
It serves as the input for the transformer’s encoder. The
transformer is a sequential-to-sequential architecture, and its
decoder predicts one token at a time auto-regressively. To
perform the generation, we employ the beam-search method
with a beam width equal to 5.

B. Training

a) Datasets: We have shown the datasets involved
in training TiO in Table I. Apart from GuessWhat?! [8]
and InViG [9] that are inherently suitable for interactive
visual grounding, we also collect datasets related to each of

TABLE I
STATISTICS ON THE DATASETS OF TRAINING TASKS

Source Task #Image #Sample

SBU Captions [49], [50] Caption 3.4K 3.4K
LLaVA [44] VQA 195.4K 257.2K
VisDial [19] Dialog 103.4K 103.4K
GuessWhat?! [8] VG + Dialog 40.1K 68.7K
InViG [9] VG + Dialog 17.7K 18.1K
RefCOCO [2] VG + Caption 12.7K 31.7K
RefCOCOg [2] VG + Caption 17.4K 33.1K
RefCOCO+ [2] VG + Caption 12.7K 31.6K
OpenImages [51] VG 28.0K 28.0K

the sub-tasks, including Image Captioning (Caption), VQA,
Visual Question Generation (VQG), and Visual Grounding
(VG). For abbreviation, we use Dialog to represent the tasks
VQA+VQG+Caption+VG. Concretely, for visual grounding,
we collect data from RefCOCO [2], and OpenImages [51]. All
target objects are discretized into integer tokens introduced
in Section IV-A. For image captioning, we collect the Mini-
GPT4 Caption [49], [50], which consists of 3.4K long captions
for images. For dialog, we use LLaVA [44] instructions,
and Visual Dialog [19]. They comprise more than 350K
high-quality dialogues and are useful for learning multi-turn
language modeling. Totally, our data includes 955K unique
samples based on 135K unique images during the training
phase.

Notably, one important issue is to train the model to stop
conversation after rounds of interaction when information is
gathered enough. To train the model to automatically generate
stop signs, we introduce the question “Can you specify the
target object?" during training manually. The training data
is randomly sampled from GuessWhat?! and InViG. If the
sampled dialogue is the last round, the answer will be “yes”,
otherwise, “No”. During the inference, we will iteratively
and automatically ask the model to answer this question and
stops the conversation if the answer is “Yes”.

b) Unified Multi-Task Formulation: Benefiting from the
unified transformer architecture introduced in Section IV-A,
it is straightforward to unify all sub-tasks and datasets during
training and inference. Concretely, we differentiate sub-tasks
using different prompts as shown in Fig. 2. All tasks are
formulated with images and texts as inputs and text-only
predictions. Therefore, our network is trained end-to-end
simply using Cross-Entropy loss to maximize the likelihood
of the next ground truth token:

loss =

L∑
l=1

− log [P (wl|w<l)] (1)

where wl is l-th ground truth token for the prediction, w<l

is the ground truth token sequence before wl, and L is the
length of the ground truth sequence of labels.

C. Interactive Grasping System

We deploy TiO with real-robot manipulation tasks. In our
system, TiO is combined with a robot grasping model for
interactive visual grounding and grasping. The system takes
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TABLE II
RESULTS OF SELF-PLAY EVALUATION ON INVIG BENCHMARK

Oracle Guesser Questioner SR(%)

XVLM-Oracle [9], [29] Vilbert-Guesser [52] Vilbert-Questioner [52] 35.3
XVLM-Oracle [9], [29] XVLM-Guesser [9], [29] XVLM-Questioner [9], [29] 40.1

XVLM-Oracle [9], [29] TiO (ours) 46.1

TiO (ours) Vilbert-Guesser [52] Vilbert-Questioner [52] 51.8
TiO (ours) XVLM-Guesser [9], [29] XVLM-Questioner [9], [29] 61.1

TiO (ours) 78.1

TABLE III
RESULTS OF SELF-PLAY EVALUATION ON GUESSWHAT?! BENCHMARK

Oracle Guesser Questioner SR(%)

Baseline Oracle [8] Baseline Guesser [53] Baseline Questioner [53] 44.6
Baseline Oracle [8] Baseline Guesser [53] VDST [54] 45.9
Baseline Oracle [8] GDSE-SL [55] GDSE-SL [55] 47.8
Baseline Oracle [8] Guesser(MN) [56] TPG [56] 48.8
Baseline Oracle [8] GST [57] VDST [54] 50.6
XVLM-Oracle [9], [29] XVLM-Guesser [9], [29] XVLM-Questioner [9], [29] 53.0
Vilbert-Oracle [52] Vilbert-Guesser [52] Vilbert-Questioner [52] 62.8

TiO (ours) 65.5

raw images and ambiguous text instructions as inputs. TiO
then plays the role of questioner first to interact with humans
and gather the necessary information. When the model stops
the conversation actively (see IV-B for details), it turns to
the role of the Guesser and generates the bounding box of
the target object given all dialogue history, which will be fed
into the grasping model as the input. The grasping model
consists of two parts: 1) Segment Anything [6] which is used
to get the mask of the target object on 2-D images from the
bounding box from TiO, and 2) a Contact GraspNet [7] to
detect grasps on the point cloud of the target. The best grasp
with the highest confidence score and no collisions will be
selected to execute.

V. EXPERIMENTS

In order to widely evaluate the performance of TiO
and other interactive disambiguation methods, this section
investigates the following three points:

• The performance of TiO on standard benchmarks
• Open-ended interactions with humans
• The generality to interactive real-robot manipulation

systems

A. Evaluation on InViG and GuessWhat?!

a) Experiment Setup: Firstly, we evaluate TiO and
baselines based on Self-play Success Rate on two benchmarks:
InViG and GuessWhat?!. InViG [9] is an interactive visual
grounding dataset that contains 21k open-ended free-form
human-human dialogues and 17.7k images with several
ambiguous objects in each image. GuessWhat?! [8] is a
simpler dataset that only contains close-ended questions with
answers limited to "yes", "no", and "n/a". It consists of 155k
dialogues on 66k images, totaling 821k question-answer pairs.
In the self-play evaluation, the input contains an image of the
scene and an ambiguous language instruction. The interactive
model will simultaneously play the role of Questioner, Oracle,

TABLE IV
ABLATION STUDY ON INVIG BENCHMARK

Model Self-play Guesser

TiO 78.1% 77.1%
TiO-Small 71.5% 74.9%

Only GuessWhat?! 49.1% 56.3%
Only InViG 56.9% 71.2%
w/o Dialog 68.9% 75.5%
w/o VG 65.8% 73.7%
w/o IVG < 5% < 5%

TABLE V
ABLATION STUDY ON GUESSWHAT?! BENCHMARK

Model Self-play Guesser Oracle

TiO 65.5% 74.6% 88.6%
TiO-Small 61.3% 72.1% 86.3%

Only GuessWhat?! 61.8% 71.8% 86.4%
Only InViG 37.2% 46.9% 39.1%
w/o Dialog 61.3% 72.6% 86.1%
w/o VG 56.2% 71.1% 84.7%
w/o IVG < 5% < 5% < 5% (62.2%)

and Guesser, to iteratively ask informative questions, answer
the questions by itself, and finally stop the conversation and
guess the target from the dialogue history. A prediction is
considered to be correct if it has an Intersection over Union
(IoU) larger than 0.5 with the ground truth. Self-play offers
chances for large-scale evaluation of thousands of interactive
examples without the participation of humans, while being
challenging and comprehensive to simultaneously evaluate
the joint performance of all sub-tasks.

b) Compared to Baselines: The performance com-
parison on the InViG benchmark is shown in Table II.
When XVLM-Oracle is as an Oracle, TiO surpassed Vilbert-
Guesser/Questioner by 10.8% in disambiguation success rate
and surpassed XVLM-Guesser/Questioner by 6.0%. When
TiO is as an Oracle, TiO surpassed Vilbert-Guesser/Questioner
by 26.3% in disambiguation success rate and surpassed
XVLM-Guesser/Questioner by 17.0%. The self-play disam-
biguation success rates of TiO (as an Oracle) relative to
XVLM-Oracle increased by 16.5%, 21.0%, and 32.0% for
Vilbert, XVLM, and TiO, respectively. The performance
comparison on the GuessWhat?! benchmark is shown in
Table III. TiO’s self-play success rate surpasses the best
baseline by 2.7%. Note, the answer is limited to "yes", "no",
and "n/a" on GuessWhat?!, and there is still a certain gap
with the dialogue in the real scene. These results demonstrate
that the joint training strategy of TiO can comprehensively
improve the visual language alignment ability and the context
understanding ability of the Oracle, Questioner, and Guesser
within the scope of these two benchmarks. We also test
OFA [30] on InViG and GuessWhat?!. Since it lacks visual
grounding and questioning capabilities based on dialogue, it
cannot achieve reasonable performance (Success Rate < 5%).

c) Ablation Studies: We also conduct ablation studies
on GuessWhat?! and InViG to figure out the contributions
of unified training. To be specific, we first implement TiO
with a smaller capacity (TiO-Small) with ∼470M parameters,
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Hello, can you give me a
glass of wine?

ok, which one do you want?

Hello, can you give me a
glass of wine?

which one do you want?

the half cup of wine

is it the first cup from the
right?

the half cup of wine

is it the first cup from the left?

yes it is in the middle.

......

Hello, can you give me a
glass of wine?

Do you mean the Wine glass
behind the orange Wine
glass?

no, i want the half cup wine

ok, i see.
......

no

the person sitting in the back

is it a girl?

no

is he wearing a green shirt?

yes

the person sitting in the back

is it the one with the white
head?

no, i mean the boy in green

is it the one with the head
facing us?

he's half head is facing us.

the person sitting in the back

Where is it with respect to
what I am referring to, or do
you mean just itself? 

on its right

Where is it with respect to
what I am referring to, or do
you mean just itself? 

on its left

Can you see the train with
number '3589'

yes.

Can you see the train with
number '3589'

yes, which one do you
mean?

the red one.

is it the one on the far right?"

in the middle.

Can you see the train with
number '3589'

Do you mean this Train?

no, the red one

Do you mean the Vehicle
registration plate?

TiO (ours) XVLM Seeask TiO (ours) XVLM Seeask TiO (ours) XVLM Seeask

no, the whole train

I will be grasping the Ladder.

......
OK, I see.

Do you mean the Wine
glass?

......
OK, I see.

......

Fig. 3. Qualitative results of different interactive visual grounding methods on our 3 HRI evaluation sets. Left: scene understanding. Middle: human
understanding. Right: language understanding. The green box denotes the target object by the human user, and the red box denotes the prediction after
interaction.

That pine tree is so tall! This cow is so leisurely! I want to buy a little prop
for Halloween. Can you get me that drink?

The guy with the beer in the
guy's left hand has a
pompous smile.

The girl with the chopsticks
is my high school classmate

The guy with arms crossed
is my best friend.

can you call the woman
with her index finger up?

Get a bottle of the cheapest
wine, the $3.99 bottle.

Do you see the yellow car
behind the fence, that's my
friend's car.

Colosia Fino is my favorite
wine.

The balloon held by the two
girls looked a little
dangerous.

Scene
Understan
ding

Human
Understan
ding

Language
Understan
ding

Fig. 4. Examples of our evaluation benchmark for HRI experiments. Top
row: Scene Understanding. Middle row: Human Understanding. Bottom
row: Language Understanding.

about half of the full version. As shown in Table IV and
Table V, we can conclude that model capacity matters. Larger
models consistently improve the performance of all sub-tasks.
We also ablate different data sources with TiO-Small to
validate their effects on the performance. Concretely, Only
GuessWhat?! and Only InViG mean training on a single
interactive dataset. w/o Dialog indicates without VisDial and
LLaVA. w/o VG means without RefCOCO and OpenImages.
w/o IVG means without both GuessWhat?! and InViG. We
can conclude that: 1) More sub-tasks improve performance
significantly; 2) The model trained solely on GuessWhat?!
or InViG performs relatively well in its own domain, but
generalizes worse than the full version. 3) Dialog and
VG data can further improve performance when combined
with the interactive visual grounding data. 4) Interactive
visual grounding (IVG) data itself is indispensable. Models
cannot achieve reasonable performance without such data.
We meticulously design instructions and decoding methods to
further evaluate w/o IVG setting. While it also lacks the ability
of visual grounding based on dialogue, but it shows some
grounded answer capability (shown in brackets), thanks to
VG data. This indicates that IVG data is crucial for interactive
disambiguation.

TiO XVLM SeeAsk
0.0

0.2

0.4

0.6

0.8

1.0

%
 S

uc
ce

ss
 R

at
e 0.76

0.47 0.46

Scene
Understanding

TiO XVLM SeeAsk
0.0

0.2

0.4

0.6

0.8

1.0

0.71

0.12

0.41

Human
Understanding

TiO XVLM SeeAsk
0.0

0.2

0.4

0.6

0.8

1.0

0.80

0.44

0.31

Language
Understanding

TiO XVLM SeeAsk
0.0

0.2

0.4

0.6

0.8

1.0

0.76

0.34
0.39

Mean

Fig. 5. Interactive visual grounding success rate of HRI on 3 evaluation sets.
Our approach achieves the highest performance on the more challenging
interactive scenarios.

0 20 40 60 80 100
% Win Rate

TiO v.s. XVLM

TiO v.s. SeeAsk

Win Tie Loss

Fig. 6. Human scoring of TiO against baselines.

B. Evaluation on Human-Robot Interaction

a) Experimental Setup: In order to more comprehen-
sively evaluate the disambiguation ability of TiO, we propose
a challenging disambiguation evaluation set, which contains
150 images from the test set of the InViG dataset, OpenImages
[51], and objects365 [58], 50 of which are sampled from the
images containing human-related categories. Then, we divide
it into 3 parts aim to evaluate the performance of models on
understanding diversified visual concepts (Scene Understand-
ing), human attributes & behaviors (Human Understanding),
and language expressions (Language Understanding), which
are usually required in open-ended HRI applications. For each
one of them, we select 50 images and re-label the instructions.
Based on the evaluation set, we then recruit 10 volunteers to
interact with TiO and baselines.

b) Compared to Baselines: The success rate of interac-
tive visual grounding with the volunteers on the 150 samples
set for HRI is shown in Fig. 5. Our method outperforms
XVLM [59] and SeeAsk [18] on all 3 evaluation subsets.
We achieved success rates of 76.0%, 70.6%, and 80.0% on
the sets of Scene Understanding, Human Understanding, and
Langauge Understanding, respectively. By contrast, XVLM
performs significantly worse on the human understanding set
due to the scarcity of human-related data in InViG dataset
(<1%). SeeAsk, being a rule-based method, demonstrates
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I'm going on a trip, bring
me the shower gel.

which bottle do you want?

the brown one in the
middle.

is it the one between the
two blue bottles?

sure

OK, I see.

TiO_SAM("Gray Bag")ContactGraspnet()

MoveArm("Gray Bag") Open Gripper

Fig. 7. Showcase of the interactive visual grounding in robotic manipulation
tasks on the desktop.

I want something sweet.

What can I help you
today?

The sugar in green bottle Yes, that's exactly what I
want.

there is an orange next
to it, right?

ChatGPT
Task Planner Pick()

here is my plan:
1. move_to('kitchen')
2. ask_human()
......

what would you like to
eat?

MoveTo
("kitchen")

 ●●●

PlaceObject()MoveTo
("waiting room")

 ●●●●

 ●  ●●

AskHuman()

Kitchen
Point

StudyRoom
Point

WaitingRoom
Point

LivingRoom
Point

Fig. 8. Showcase of the interactive visual grounding in robotic manipulation
tasks on the mobile platform.

relatively stable performance on the 3 evaluation subsets.
However, its performance is relatively low on the Language
Understanding subset, revealing the drawbacks of rule-
based methods on understanding diversified and open-ended
language inputs. A human scoring based on the evaluation of
the disambiguation dialog is shown in Fig. 6. It can be found
that, the dialog between humans and TiO is more preferred
than 2 baselines in most cases.

c) Qualitative Demonstrations: As shown in Fig. 3, we
can see that TiO exhibits strong generalization to diversified
inputs and open-world settings. It can understand fine-grained
linguistic concepts, including “half cup of wine” against
“cup” in the first example, and “with the number 3589” in
the third example. Besides, TiO can generate informative
and natural questions to exclude disturbance efficiently. By
contrast, SeeAsk can only follow question templates.

C. Real-World Evaluation

a) Experimental Setup: In this phase, we have deployed
TiO on two real-robot platforms to evaluate the performance
of interactive robotic manipulation. We apply a Kinova arm
for manipulation and a RealSense camera for RGB and point
cloud observation. The mobile platform is developed by our
own team.

b) Disambiguation on Desktop Robot: Before the inter-
action, the robot observes the scene from above the desktop.
After receiving the instruction, it interacts with the user
to gather information, after which it invokes the grasping
model (Section IV-C) for grasp execution. To evaluate the
effectiveness of the disambiguation process, we measure
the success rate of each method in correctly understanding
the user’s intent (Table VI). Our method, TiO, outperforms
both XVLM and SeeAsk by a large margin, achieving the
highest interactive grounding success rate of 86%. This
result demonstrates the robustness and accuracy of TiO
in understanding and disambiguating the user’s ambiguous
request. We also compare the grasp success rates of TiO,

TABLE VI
DISAMBIGUATION AND GRASPING SUCCESS RATE IN DESKTOP SCENES.

Method Grounding Success Rate Grasp Success Rate

XVLM 40% (6/15) 40% (6/15)
SeeAsk 46% (7/15) 46% (7/15)
TiO 86% (13/15) 73% (11/15)

XVLM, and SeeAsk in the desktop scene. Remarkably, TiO
exhibited the highest grasp success rate among the three
methods. It highlights the efficacy of our system in enabling
the robot to successfully interact with objects physically in
the desktop environment.

c) Disambiguation on Mobile Robot: By integrating TiO
into mobile robotic platforms, we showcase its performance
and adaptability in more complex tasks. As shown in Fig. 8, In
this phase, TiO is combined with a task planner for navigation
in a house. In detail, after receiving the instruction from the
human user, the task planner (ChatGPT in our case) will
plan for a macro-action sequence given the instruction and
a list of macro-action candidates (e.g. move_to, ask_human,
grasp). The robot will follow the plan to navigate to the first
place. The TiO is responsible for the multi-modal interaction
and disambiguation with humans. Concretely, it first observes
the scene and detects whether possible candidates exist. If
the answer is “Yes”, it continues to interact with humans.
Otherwise, the task planner will be invoked again to re-plan
for the next place. The existence detection of candidates is
trained with the question “Is there a [OBJ]?”, and the training
data is generated directly from OpenImages. Our results
indicate that TiO can successfully facilitate the disambiguation
process, enabling the robot to accurately interpret human
intentions and execute actions in dynamic scenarios.

VI. CONCLUSION

This paper proposes TiO that unifies three agents Ques-
tioner, Oracle, and Guesser into one single transformer,
for interactive visual grounding. Compared with baselines
including XVLM [59] and SeeAsk [18], TiO sets the new
state-of-the-art both on standard benchmarks of GuessWhat?!
and InViG, and moreover, the interaction with humans,
outperforming baselines by a large margin. We also deploy
TiO on real-robot platforms and validate its effectiveness in
real-world interactive robotic manipulation tasks. Currently,
restricted by the training data, TiO can only generate simple
sentences for interaction. In the future, it is promising to
improve the text generation ability by using text datasets.
Besides, it is also important to adapt to more expressions of
robotic manipulation (e.g. the grounding of actions), which
is important for interactive manipulation systems.
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