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Abstract— Interactive Object Grasping (I0G) is the task of
identifying and grasping the desired object via human-robot
natural language interaction. Current IOG systems assume that
a human user initially specifies the target object’s category (e.g.,
bottle). Inspired by pragmatics, where humans often convey
their intentions by relying on context to achieve goals, we
introduce a new 10G task, Pragmatic-I0G, and the correspond-
ing dataset, Intention-oriented Multi-modal Dialogue (IM-Dial).
In our proposed task scenario, an intention-oriented utterance
(e.g., “I am thirsty”) is initially given to the robot. The robot
should then identify the target object by interacting with a
human user. Based on the task setup, we propose a new robotic
system that can interpret the user’s intention and pick up
the target object, Pragmatic Object Grasping (PROGrasp).
PROGtrasp performs Pragmatic-IOG by incorporating modules
for visual grounding, question asking, object grasping, and most
importantly, answer interpretation for pragmatic inference.
Experimental results show that PROGrasp is effective in offline
(i.e., target object discovery) and online (i.e., I0OG with a
physical robot arm) settings. Code and data are available at
https://github.com/gicheonkang/prograsp.

I. INTRODUCTION

Recent advances in robotics and artificial intelligence (AI)
have made intelligent robots ubiquitous in our daily lives. To
get closer to non-expert users, robots should communicate
with humans using natural language and make decisions
based on the interaction. Notably, in the field of human-
robot interaction, there have been extensive studies [1]-[5]
on developing such robots under the umbrella of Interactive
Object Grasping (IOG). A typical scenario of IOG starts
mentioning the target object, such as “Give me the plastic
bottle”, but there is more than one object in the scene that
meets the instruction. The robot should disambiguate the
target object by asking questions to the conversational partner
and then perform object grasping.

While the progress of 10G is exciting, the current scenario
limits the ability for robots to understand beyond the literal
meaning of natural language instructions. Specifically, in-
structions in the existing scenario clearly specify the category
of the target object (e.g., bottle). In other words, current IOG
systems may work properly when the target object’s category
is given. However, we humans often convey our intended
meanings by relying on context to achieve communicative
goals [6], [7]. For example, when we need some water and
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Fig. 1. Overview of interactive object grasping with intention-oriented
utterance. The initial utterance does not contain the target object’s category.

want our conversational partner to bring it, we briefly say
“T am thirsty.” The partner then enriches the literal meaning
of the utterance based on various types of shared context
(e.g., visual information and dialogue context) and reason
about context-appropriate behavior. This ability to interpret
and use language in context to achieve goals is known as
pragmatics [8]-[10].

We argue that the next-generation robotic system should
have pragmatic reasoning ability — capture the user’s in-
tention with contextual information and achieve the desired
goal. Therefore, we introduce a new task, Pragmatic-I0G,
to study pragmatic reasoning behavior in IOG. As shown in
Figure 1, we consider a scenario where a human user begins
a conversation with an intention-oriented utterance like “My
device runs out of battery.” The robot should then find all
valid object candidates (e.g., the red-colored object regions
in Figure 1) via visual grounding [11] and ask a question for
disambiguation. After receiving the user’s response, the robot
pinpoints the target object and grasps the desired object.
To study the problem, we propose a new dataset, called
Intention-oriented Multi-modal Dialogue (IM-Dial). The IM-
Dial dataset contains 800 images and 500 human-to-human
dialogue data regarding 86 categories of everyday objects.
The dialogue consists of the intention-oriented utterance and
a series of question-and-answer pairs.

We propose a new robotic system that can reason about
intention-oriented natural language utterances of the user
and grasp desired objects through human-robot interaction,
called PRagmatic Object Grasping (PROGrasp). PROGrasp
consists of four modules: (1) a visual grounding module
(VG) that predicts the region coordinates of valid objects, (2)
a question generation module (Q-gen) that learns to generate
questions to identify the user’s intention, (3) an answer
interpretation module (A-int) that interprets the human user’s
response given the multi-modal context, and (4) an object
grasping module (OG) to pick up the inferred object.
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PROGrasp trains VG, Q-gen, and A-int on the IM-Dial
data. After training, PROGrasp performs our proposed task
by interacting with the human user. Specifically, VG first
predicts a set of object region candidates given the intention-
oriented utterance. Q-gen then generates a question, and the
user responds to the question. Next, PROGrasp determines
the target region among the region candidates based on how
well each candidate region explains the visual and dialogue
context, which we call pragmatic inference. We implement
pragmatic inference as a multi-agent reasoning of VG and
A-int where VG evaluates the likelihood of each region
candidate given the visual and dialogue context, and A-
int rescores alternative region candidates by interpreting the
user’s response. Finally, OG computes the 3D coordinates of
the inferred region and performs object grasping.

We conduct offline and online experiments on the IM-Dial
dataset. In offline experiments, we study how well PROGrasp
identifies the target object. PROGrasp significantly improves
the accuracy of offline experiments by 35% compared with
the baselines. Moreover, PROGrasp outperforms the power-
ful multimodal foundation model [12] on validation data. In
online experiments, we use a physical robot arm to evaluate
the success rate of object grasping. PROGrasp boosts the
success rate by 17%. Furthermore, our system efficiently
identifies the target object through fewer interactions than
baselines. Finally, we perform qualitative analysis, visualiz-
ing diverse samples inferred by PROGrasp.

Our contributions are three-fold. First, we propose an
interactive object-grasping system (i.e.,, PROGrasp) that ca-
pably understands the human user’s intention and grasps the
desired object through dialogue. Second, we introduce a new
task Pragmatic-IOG with a novel dataset, Intention-oriented
Multi-modal Dialogue (IM-Dial). Third, through extensive
experiments, our robotic system validates its (1) efficacy in
both offline and online experiments and (2) efficiency when
identifying the target object via pragmatic inference.

II. RELATED WORK

Language-Guided Object Grasping. There has been ex-
tensive research on developing object-grasping systems that
can understand natural language. Some studies [13]-[17]
make robots manipulate objects only with initial language in-
struction, assuming that the instruction is enough to identify
the desired object. However, natural language is inherently
ambiguous [18]. Therefore, a line of research [1]-[5], which
we call Interactive Object Grasping (IOG), considers the
scenario where robots need more information to disam-
biguate the target object. They typically generate questions
and perform object grasping based on the response from a
human user. Our approach belongs to IOG, but it differs from
previous studies in two aspects. First, prior work in 10G
considers a scenario where the category of the target object
is clearly specified. However, we design a task scenario that
requires robots to understand the semantic meaning and,
by extension, the intended meaning of the user’s utterance.
Accordingly, intention-oriented utterances focus on the user’s

intention without specifying the category of the target ob-
ject. Second, previous studies define the format of either
questions or responses. Specifically, the questions are fixed
(e.g., “Which one?”) [2], [19] or based on templates [1],
[3]1-[5]. The answer formats are also binary [2], a single
word [19], or based on a pre-defined pool [1], [3]-[5].
However, PROGrasp does not impose any constraints on the
format of the questions and responses. Our Q-gen generates
unconstrained questions without relying on any templates,
and A-int understands various types of responses, enabling
non-expert users to interact with the robot more naturally.
Pragmatics. There is a long history of research studying how
linguistic meaning is affected by context [6], [7], [20] under
the name of pragmatics. According to the work [8], there are
four kinds of well-studied tasks in the field of pragmatics:
reference games [7], [21], image captioning [22], [23],
instruction following [24], [25], and grounded dialogue [26]—
[29]. Our work belongs to the last category, but it is the
first work that integrates grounded goal-oriented dialogue
into a real-world robot arm for object grasping. Regarding
computational modeling, PROGrasp shares the spirit with the
Rational Speech Acts (RSA) [7], [9]. We propose a multi-
agent reasoning method (i.e., pragmatic inference) to identify
target objects accurately and efficiently by interpreting the
human user’s response.

III. METHOD
A. Background

As the Web-scale data sources [30], [31] are publicly
available, finetuning the model pre-trained on such datasets
to the specific task has become a de facto standard strategy
in AL. Accordingly, there has been a lot of multi-modal
pre-training methods [32]-[34] trained on the large-scale
image-text pairs. We employ a simple yet powerful multi-
modal sequence-to-sequence model, OFA [32], since it can
cover various multi-modal tasks with a unified architecture.
OFA is pre-trained on a wide range of multi-modal and
uni-modal datasets with sequence-to-sequence learning [35],
[36]. Specifically, the learning objective of OFA is to op-
timize max Z'iyzll logPy(yily<i, v, x), where x and y denote
the input and target sequences, respectively. y.; denotes
all tokens before the i-th token in the target sequence. 6
is the model parameters, and v is visual information. The
encoder encodes x and v and conveys the hidden states to
the decoder. The decoder predicts the next token y; given
a set of preceding tokens y.; and the hidden states of the
encoder. We train our proposed modules in PROGrasp (i.e.,
VG, Q-gen, and A-int) by finetuning OFA on the IM-Dial
dataset. More details can be found in the following Section.

B. Problem Statement

The goal of Pragmatic-IOG is to discover the target ob-
ject’s region coordinates r* = (xy,y;, X2, y,) through human-
robot interaction and pick up the object. We assume that a
human user initially provides intention-oriented natural lan-
guage utterance ¢, and there is one target object in the given
2D image 7. Our system asks natural language question g
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Fig. 2. Illustration of the inference step in PROGrasp when T" = 1. VG first performs object grounding using the dialogue history. Q-gen then selects
the object candidate to ask and generates a question. After obtaining the response from the user, VG cooperates with A-int to determine the target object
region. The object grasping module finally grasps the object by computing the 3D coordinates of the target object.

to the user to identify the target object, and the user gives
an answer a. The dialogue history D is initialized to ¢, and
question and answer pairs at each round are appended to
the dialogue history. Our robotic system predicts the region
coordinates 7 after 7 rounds of dialogue. Finally, it performs
object grasping, computing the 3D coordinates of the target
object based on 7 and the point cloud.

C. Visual Grounding Module

The visual grounding module (VG) aims to local-
ize objects based on the multi-modal context. Specifi-
cally, the Intention-oriented Multi-modal Dialogue (IM-Dial)
dataset contains an image 7, a visually-grounded dialogue

D ={ € ,(qa1), " ,(gn,ay)}, and region labels R =
Do D, Dy
{Ro, -+ , Ry} where each element R, = {r’*}! is a set of

object regions that VG should predict gi\l/enl {he dialogue
history D.,. D, denotes all dialogue data before or equal
to the n-th round. Consequently, VG is trained to maximize
the log-likelihood of the ground-truth regions. Formally,
max Zi,v:o logPy(R,|1, D<,). PROGrasp regards the concate-
nation of the region coordinates in R, as the target sequence
in sequence-to-sequence learning and trains VG on top of
the pre-trained OFA model [32]. After training, as shown
in Figure 2, VG can predict Ry (i.e., the red-colored object
regions) given Dy (i.e., “I am starving.”) and an image 7.

D. Question Generation & Answer Interpretation Modules

PROGrasp trains the question generation (Q-gen) and
answer interpretation (A-int) modules to produce the utter-
ances from the human questioner and the human answerer,
respectively. First, Q-gen learns to generate human-annotated
questions in the IM-Dial dataset, given an input image, the
dialogue history, and an object region for questioning as
follows: max Zf:/:l 1ogPo(qulT, Dey-1, r}). The object region
! is annotated by the human questioner when collecting
the IM-Dial dataset. Regarding sequence-to-sequence learn-
ing, the target sequence is the question g,, and the triplet
(7, Dep1, 1) is fed into the encoder. Next, the answer
interpretation module (A-int), which is a proxy for the human

user, learns to generate the response of the human answerer.
It is optimized by maximizing the log-likelihood of the
ground-truth answer: max ZnN:1 logP#(a,|Z,r", q,). Note that
A-int takes the ground-truth region coordinates r* during
training and implicitly learns the semantic alignment between
r* and the question-and-answer pair (g,,a,). Moreover, we
assume that the answer distribution is independent of the dia-
logue history (i.e., Pa(anlZ, Den_1, 7", qn) = Pala,|L, ", q,))
by following the work [37]. We also implement both Q-gen
and A-int by finetuning the pre-trained OFA model [32].

E. Inference Step

The inference step of PROGrasp is described in Algo-
rithm 1 and Figure 2. PROGrasp obtains an image 7 from a
camera. A human user provides intention-oriented utterance
¢. PROGrasp proceeds T rounds of dialogue in the inference
step, and T is a hyperparameter. VG (i.e, P«) first predicts a
set of object regions R and saves it to the superset R. PRO-
Grasp accumulates the object region candidates predicted in
each round of dialogue to maximize the probability of having
the target object’s region coordinates in the set R. PROGrasp
then samples an object region r! from R. The image, the
dialogue history, and the sampled object region are fed into
Q-gen (i.e., Pg) to produce a question (e.g., “Should I get
a banana?” in Figure 2). Next, the human user answers the
question by checking whether the object mentioned in the
question corresponds to the target object. After receiving the
user’s response, PROGrasp saves the question-and-answer
pairs to the dialogue history and evaluates each object region
candidate r in the set R. In the evaluation, VG computes
the likelihood of each region candidate given the multi-
modal context, and A-int rescores each candidate r whether
it describes the question and the user’s response (g;, d;). In
other words, VG cooperates with A-int to determine the best
region 7 for the target based on the extent to which each
candidate explains the visual and dialogue context. We call it
pragmatic inference (see Figure 2). In line 7 at Algorithm 1,
A is a rationality parameter [21], [38], [39] in the range [0, 1]
that indicates the relative importance of the evaluation from
A-int in pragmatic inference.
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Algorithm 1 Pragmatic Object Grasping
Require: Modules for VG (P), Q-gen (Pq), A-int (P#)
Require: Module for object grasping (O)
Require: 2D RGB image 7 and dialogue history D « {{}
Require: A human user to interact with the robotic system
Require: The empty set of object regions R =0

1: for t < 1to T do

2: R «— Py(|T, D 1) where R_| = {rl, ‘e
R—RU 7?;71
G — Pa(17, Dy, 1) where r! ~ R
The user provides an answer &, to the question g,
D «—DUig,al
7« argmax,.g Pa(alZ,r, Gt - Py(rlT, D)
8: end for
9: Grasp the object O(#, ) with # and the point cloud P

,rw}

N A

F. Object Grasping Module

The object grasping module (OG) first computes the 3D
coordinates of the predicted object using the 2D region co-
ordinates 7 and the point cloud #. Specifically, OG matches
the 2D object region with the point cloud on the identical
resolution and then segments points inside the region. We
employ the RANSAC [40] to remove the table plane from the
segmented points. The 3D target coordinates are computed
by averaging the segmented points. Finally, OG computes
the motion planning [41] and performs object grasping.

IV. EXPERIMENTS
A. Experimental Setup

Intention-oriented Multi-modal Dialogue Dataset. We
evaluate our proposed method on the IM-Dial dataset, col-
lected by the chatting between two players about images.
The IM-Dial dataset consists of 800 images and 500 human-
to-human dialogue data that cover 86 categories of everyday
objects as shown in Figure 3. We divide the IM-Dial dataset
into five splits: train, validation, test-seen, test-unseen, and
test-cluttered. The train split contains 400 images and corre-
sponding dialogue data for training. The validation split has
100 image and dialogue pairs. The test-seen, test-unseen, and
test-cluttered data contain 100 pairs of images and intention-
oriented utterances each. Note that these test splits do not
have question-and-answer data, so the robotic system should
identify the target object, interacting with a human user.
The test-unseen split includes never-seen-before objects not
observed in the training procedure. The goal of the test-
unseen split is to evaluate the generalization ability of the
robotic system. Furthermore, we define the test-cluttered as
a cluttered version of the test-seen split where objects are
arbitrarily placed (e.g., (a) in Figure 6).

Robotic Platform. We conduct online experiments using a
physical robot arm, the 6-DoF Kinova Gen3 lite with a two-
fingered gripper. Our system utilizes Intel Realsense Depth
Camera D435 to get an RGB-D image. The remote server
processes our proposed algorithm and communicates with
the robotic platform. The robotic platform locally computes
motion trajectory planning.

Fig. 3. The 86 categories of everyday objects used in the experiments.

Baselines. We compare PROGrasp with four methods:

« Zero-Shot: The zero-shot approach is a visual ground-
ing model not trained on the IM-Dial dataset. We
implement it by finetuning the pre-trained OFA model
on the visual grounding dataset, RefCOCO [11]. This
approach predicts the object region given an in-
put image and intention-oriented utterance (i.e., 7 =
argmax,.g Py (rlZ, D = 0)).

« SilentGrasp: SilentGrasp is an ablative model of PRO-
Grasp that does not have the question generation (Q-
gen) and answer interpretation (A-int) modules. It pre-
dicts the object region in the same way as Zero-Shot,
but the visual grounding module (VG) is trained on the
IM-Dial dataset.

« LiteralGrasp: LiteralGrasp is another ablative method
of PROGrasp that does not have A-int. It is equivalent
to PROGrasp without pragmatic inference (i.e., 4 = 0).

« A-int-only: This method is equivalent to PROGrasp that
does not utilize VG in pragmatic inference (i.e., 4 = 1).

B. Offline Experiments

Evaluation Protocol. The offline experiment aims to verify
how well the robotic system discovers the target object
through human-robot natural language interaction. We mea-
sure the Intersection over Union (IoU) between the target
object region r* and the predicted region after the interaction
7. The IoU is defined as the overlapping region between
the two divided by their union region. The percentage of
examples with an IoU value greater than 0.5 is typically re-
ported as Acc@(.5. However, the threshold value of 0.5 may
not be a reliable indicator to estimate the success of object
grasping since object grasping requires accurate prediction of
the target coordinates. We thus additionally report Acc@0.9,
which requires more tight alignment between r* and 7.
Results on the Validation Split. We first evaluate PROGrasp
and the compared methods on the validation split. As shown
in Table 1, PROGrasp outperforms all compared methods on
all evaluation metrics. It indicates our proposed components
(i.e., Q-gen, A-int, and pragmatic inference) play a crucial
role in boosting performance. Moreover, comparing Zero-
Shot and SilentGrasp, even the strong pre-trained model
performs poorly without adapting to Pragmatic-IOG.

We further study a new setting for Zero-Shot and Silent-
Grasp, called Grounding from Dialog History (GDH). We
naturally assume Zero-Shot and SilentGrasp can only access
the intention-oriented utterance (i.e., £) in the inference phase
since neither approach has a module for question generation.
However, the initial utterance is insufficient to pinpoint the
target object. In GDH, we assume that Zero-Shot and Silent-
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TABLE I
Results on the offline experiments. Underlined scores indicate the performance of the runner-up method.

Validation Test-Seen Test-Unseen Test-Cluttered
Method GDH Acc@0.5 Acc@09 Acc@0.5 Acc@0.9 Acc@0.5 Acc@0.9 Acc@0.5 Acc@09
Zero-Shot [32] 14% 4% 14% 7% 3% 2% 6% 4%
SilentGrasp 50% 44% 54% 45% 45% 31% 41% 22%
A-int-only 82% 75% 81% 66% 78% 57% 83% 40%
LiteralGrasp 84% 75% 85% 74% 73% 54% 84% 41%
Zero-Shot [32] Vv 51% 16% - - - - - -
SilentGrasp v 83% 72% - - - - - -
PROGrasp (ours) 87% 79% 90% 75% 83% 61% 88% 42%

Grasp can access the ground-truth human-to-human dialogue
history, so we feed the entire dialogue history (i.e., intention-
oriented utterance and a set of question and answer pairs)
into the models. As shown in Table 1, GDH significantly
boosts Acc@0.9 of Zero-Shot (4%—16%) and SilentGrasp
(44%—72%). The results indicate that additional question
and answer pairs contain detailed information to identify
the target object. Remarkably, PROGrasp outperforms Silent-
Grasp with GDH, although it does not require the ground-
truth dialogue history. The results illustrate that PROGrasp
works effectively, even in a more realistic scenario.

Results on the Test Splits. We compare PROGrasp with
the compared methods on the test-seen, test-unseen, and
test-cluttered splits. In Table 1, PROGrasp consistently
yields improvements on all test splits compared with Zero-
Shot, SilentGrasp, A-int-only, and LiteralGrasp. Specifically,
compared with LiteralGrasp, PROGrasp improves Acc@0.5
on ten points (73%—83%) and Acc@0.9 on seven points
(54%—61%) in the test-unseen split. We could not inves-
tigate the results of GDH on the test splits since the test
splits do not have ground-truth dialogue data. Surprisingly,
PROGrasp shows decent Acc@0.5 scores even in the test-
cluttered and test-unseen splits, but relatively lower scores
are observed on Acc@0.9. It illustrates that (1) accurately
identifying partially occluded target objects and (2) gener-
alizing a robotic system to previously unseen objects are
challenging aspects of this task. We will discuss more details
in the qualitative analysis.

Comparison with the Multimodal Foundation Model. We
further identify the performance of the powerful multimodal
foundation model, GPT-4V (ision) [12] on the validation split.
GPT-4V is provided with images and detailed text prompts
(see supplement). Table 2 shows the results. We observe that
GPT-4V infers the target object well, but it poorly specifies
the ground-truth region coordinates. We thus study a hybrid
approach: (1) GPT-4V interacts with users and generates a
distinctive caption of the best-fit object and (2) our VG model
then predicts the coordinates 7 based on the caption. As
shown in Table 2, PROGrasp outperforms the approach on
all evaluation metrics. It also demonstrates the significance
of pragmatic inference.

Hyperparameter Study. We study how the hyperparameters
in PROGrasp (i.e., 4 and T) affect performance. Note that

95
90
85

T=1 4T=2 AT=3 Upper bound|of T =|3

Upper bound|of 7' =2

Acc@0.9

65
60
55

50 |
0o 01 02 03 04 05 06 07 08 09 1

Rationality Parameter ( \ )

Fig. 4. Validation scores adjusting the hyperparameters, A and 7.

A indicates the importance of the evaluation from A-int in
pragmatic inference, and 7 denotes the number of interac-
tions between PROGrasp and the human in Algorithm 1. As
shown in Figure 4, we visualize the Acc@0.9 performance
on the validation split. The blue, red, and green lines denote
the results when 7 =1, T = 2, and T = 3, respectively. We
observe a huge performance gap between T =1 and T = 2.
It implies that many incorrect guesses in the first round
of dialogue are corrected in the second round. Moreover,
comparing T = 2 with T = 3, improvements seem saturated.
We also identify that performance varies depending on
the value of the rationality parameter A. LiteralGrasp is
equivalent to 4 = 0, and A-int-only corresponds to 4 = 1.
The best results are observed in 4 = 0.9 across all T
values. However, we do not see any merit in PROGrasp
compared with LiteralGrasp when 7 = 1. To delve into this
phenomenon, we visualize the upper bound performance for
each T value. The upper bound is defined as the performance
when the system perfectly selects the object region in a set
of object region candidates R. The upper bound performance
of T =11is 55%, and PROGrasp and LiteralGrasp both show
54%. 1t illustrates that there is little room for improvement
in T = 1. In contrast, the upper bound of T = 2 is 85%,
and LiteralGrasp shows 71% in Figure 4. PROGrasp boosts
6% compared with LiteralGrasp (71%—77%). Likewise, we
observe 4% gains (75%—79%) when T = 3. Unless stated
otherwise, 4 1s 0.9, and T is 3.
Communicative Efficiency. Beyond task success, commu-
nicative efficiency is also an important criterion for pragmatic
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TABLE I

Comparison with the Multimodal Foundation Model.

Method Acc@0.1 Acc@0.5 Acc@0.9

GPT-4V [12] 29% 9% 1%

GPT-4V [12] + VG 82% 82% 68%

PROGrasp (ours) 87 % 87 % 79 %
TABLE III

Analysis of Communicative Efficiency. | indicates lower is better.

Avg. # of Interactions |

Method Test-Seen  Test-Unseen  Test-Cluttered

Random 1.76 2.00 1.98

A-int 1.60 1.78 1.76

LiteralGrasp 1.55 1.78 1.71

PROGrasp (ours) 1.53 1.72 1.69
TABLE IV

Results on the online experiments.

Ambiguous  Non-Ambiguous Total
Method Object Discovery / Success Rate
SilentGrasp 42 / 30 78 / 38 56 /33
LiteralGrasp 77/ 47 90 / 45 82 /46
PROGtrasp (ours) 80 /53 90 / 45 84 /50

systems [8]. Accordingly, we measure the average number of
interactions (i.e., question answering) required for the system
to identify the target object. In this study, we assume that the
dialogue immediately ends when the Intersection over Union
(IoU) between the predicted and target regions is greater than
0.5. The efficiency can range from 1.0 to T = 3. We compare
PROGrasp with three baselines: Random, A-int-only, and
LiteralGrasp. The Random randomly selects the predicted
object in the set of candidates (i.e., R in Algorithm 1).
In Table 3, PROGrasp consistently improves the efficiency
across all test splits. It indicates that our system efficiently
identifies the target object through fewer interactions.

C. Online Experiments

Evaluation Protocol. We reproduce 100 images in the test-
seen split and conduct online experiments to study how
well the system picks the desired object up through human-
robot dialogue. We compare PROGrasp with SilentGrasp and
LiteralGrasp. The human rater evaluates object discovery and
success rate. Object discovery measures whether the system
correctly localizes the target.

Results. We divide 100 samples into two categories: Am-
biguous (60) and Non-Ambiguous (40). The Ambiguous is a
set of samples that require disambiguating over two objects
given an initial utterance. The Non-Ambiguous corresponds
to the other samples. In Table 4, PROGrasp achieves a total
execution success rate of 50%, outperforming all baselines. It
demonstrates that the superiority of PROGrasp’s target object
discovery is successfully transferred to the success rate.
Not surprisingly, PROGrasp is effective in the Ambiguous,

Dlalogue Round 1 Dlalogue Round 2

Pragmatic Inference Pragmatic Inference

VG Combined
A-int 1.00

VG Combined

A-int 0.35

User: | am looking for a backup source of light

Robot: Should | get a blue candle?
User: No, pink one would be better

User: | am looking for a backup source of light
Robot: Should | get a blue candle?
User: No, pink one would be better

Robot: Should | get a pink candle?
User: Absolutely

I:‘ : Dialogue History D : Current Interaction

Fig. 5. Visualization of PROGrasp’s target object recovery.

Dialogue
User: | want to clean the bathroom floor
Robot: Do you need a blue bottle?

User: The tile brush in front seems better

Dialogue
User: | want to pick up dusts on the bed
Robot: Do you want the object on the left?
User: No, bring me the roller in the middle

(a) Test-Cluttered (b) Test-Unseen

Fig. 6. Visualization of the failure cases.

boosting success rate of 23% compared with SilentGrasp.
However, we observe many failure cases, although the target
object is correctly localized. The system often drops the
objects during lifting or fails to grasp them since objects
are highly unstructured (see Figure 3). More precise object
grasping will mitigate this issue. We leave it as a future work.

D. Qualitative Analysis

Results. In Figure 5, we visualize the inferred results from
PROGrasp when T = 2. PROGrasp fails to find the target
object (i.e., a pink candle) in the first round of the dialogue,
but it corrects the target in the second round by utilizing
the question-and-answer pair from the first round as addi-
tional context and includes the target object as a candidate.
Pragmatic inference finally selects the desired object region.
This example clearly explains the performance gap between
T =1and T =2 in Figure 4. We also visualize two failure
examples from the test-cluttered and test-unseen splits in
Figure 6. The red and green boxes indicate the predicted
and ground-truth regions, respectively. As in (a) at Figure 6,
our system fails to identify the target region accurately due
to the occlusion, which explains low scores in Acc@0.9 of
the test-cluttered. Furthermore, PROGrasp sometimes makes
an incorrect guess (i.e., (b) in Figure 6) when observing
never-seen-before objects, highlighting the need for further
generalization in future work.

V. CONCLUSION

We present (1) a new task for interactive object grasping
(Pragmatic-IOG) and (2) PROGrasp that effectively infers
the user’s intention for Pragmatic-IOG. Experiments demon-
strate the effectiveness of our proposed methods, including
pragmatic inference. We expect the Pragmatic-IOG to open
the door to developing human-centric and pragmatic robots.
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