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Abstract. Pointing gestures are an intuitive and ubiquitous way of
human communication and thus constitute a crucial aspect of human-
robot interaction. However, isolated pointing recognition is not sufficient,
as humans usually accompany their gestures with relevant natural lan-
guage commands. As ambiguities can occur both visually and textually,
an interactive dialog is required to resolve a user’s intentions. In this
work, we tackle this problem and present a system for interactive, mul-
timodal, task-oriented robot dialog using pointing gesture recognition.
Specifically, we propose a pipeline constituted of state-of-the-art com-
puter vision components to recognize objects, hands, hand orientation
as well as human pose, and combine this information to identify not
only pointing gesture presence but also the objects which are pointed
at. Furthermore, we provide a natural language understanding module
which considers pointing information to distinguish unambiguous from
ambiguous commands and responds accordingly. Both components are
integrated into the proposed interactive and multimodal dialog system.
For evaluation purposes, we introduce a challenging benchmark set for
pointing recognition from human demonstration videos in unconstrained
real-world scenes. Finally, we present experimental results of both the
individual components as well as the overall dialog system.

Keywords: Human-robot interaction · Pointing gesture recognition ·
Task-oriented dialog

1 Introduction

Human communication is inherently multimodal. Specifically, pointing gestures
are an intuitive yet effective way of clarifying otherwise ambiguous intentions or
utterances, with developmental psychology showing that infants already acquire
pointing gestures before and in parallel to their language skills [12,50]. There-
fore, to accomplish a truly natural Human-Robot Interaction (HRI) [6,15], it is
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Fig. 1. An application example of the proposed interactive, multimodal dialog system

crucial for future assistive robot systems to correctly recognize and react to such
gestures. Due to the tight connection between pointing and language, this must
be combined with natural dialog to form a multimodal communication expe-
rience. For example, imagine an elderly care robot [55] hearing the command
“please bring me that thing” and seeing the user pointing to a table with one
or multiple objects. If there is only one object or the pointing gesture is very
precise, the robot should immediately execute its task to fulfill the user’s needs.
However, if the situation is ambiguous, the robot should ask for a clarification
(“which object do you mean exactly?”), that could lead to a user response like
“the green one”. Thus, ambiguities are resolved in a multimodal combination of
pointing and dialog interactions.

In this paper, we present a system for task-oriented robot dialog that is able
to achieve the aforementioned interactive, multimodal combination of pointing
gesture recognition and natural language understanding (NLU). Building on top
of recent advances in computer vision [7,38], we constructed a pipeline for point-
ing gesture recognition, with significantly less assumptions and constraints than
previous work on pointing recognition [19]. Moreover, we propose a novel archi-
tecture for combining pointing recognition with a neural-network based NLU
module (see Fig. 1). For evaluation purposes, we introduce a human pointing
gesture dataset, particularly featuring ambiguities asking for dialog clarification,
and use this to present extensive experimental results of our system.

Specifically, we present three major contributions: First, we combined a vari-
ety of state-of-the-art computer vision components including YOLOv5 object
detection [20] for hand detection and object detection, human pose estima-
tion [7], and hand pose estimation [47] into an integrated pointing recognition
pipeline. The resulting system is able to analyze videos and determine whether
a pointing gesture is present and if so, produce a list of pointing target candi-
date objects with labels and bounding boxes. While the system first detects and
tracks hands to decide whether pointing happens or not, object detection and
pose estimation models run only when the algorithm decides pointing occurs,
thus saving computation resources. In the end, based on the estimated points on
the forearm/hand, a line is interpolated and objects with intersecting bounding
boxes are taken as pointing targets.



Second, we integrated the pointing recognition system into an interactive,
task-oriented dialog system, useful for future human assistance devices [1] as
well as robotics [2,49]. Specifically, the dialog system uses results from pointing
recognition and prompts the user with a follow-up question in case of ambiguities.
For training the Transformer-based [51] NLU module, an appropriate dataset was
generated based on existing kitchen-related utterances [10]. All the time during
dialog, the user can specify certain objects in a combination of pointing gestures
and natural language, optionally using generic referring expressions like “this
thing”. Uncertainties in the pointing recognition are resolved using a follow-up
questions, where the answer is interpreted using the CLIP model [36] or triggered
a better pointing gesture of the user. To summarize, the combined task-oriented
dialog system allows for inherently multimodal, interactive goal communication,
resolving ambiguities using visual clues, pointing gesture recognition and natural
language clarifications.

Finally, we created an evaluation dataset to quantify the performance of our
pointing gesture recognition, featuring a diverse set of objects, locations, cam-
eras and human subjects. It consists of videos of humans pointing at objects in
unconstrained and cluttered real-world environments, accompanied with human-
annotated natural language commands and possible clarification utterances to
additionally enable the end-to-end evaluation of our interactive, multimodal dia-
log system. In contrast to existing datasets [8], this test bed explicitly asks for
ambiguities on both the gesture and the language level, and thus provides a
novel challenge to the research community. To foster future research on and uni-
fied comparison of interactive pointing dialog systems, we published our code,
models, and trainings and evaluation datasets1.

2 Related Work

2.1 Natural Language Understanding

The first approaches to natural language understanding (NLU) have been using
fixed rules to map natural language to semantic representations [53,54]. However,
the ability of such rule-based systems is limited as it seems impossible to cover
the whole variety of natural language in rules. Therefore, neural networks were
introduced to NLU [29], where the dependence on high-quality rules is replaced
with a dependence on huge amounts of training data. Pre-trained, large models
like BERT [13] and T5 [37] simplify the data collection as one can combine gen-
eral natural language skills and knowledge from their pre-training with domain
knowledge by fine-tuning them with a smaller, domain-specific dataset. More
recently, even larger models are not even fine-tuned, but relevant behavior is
elicited by using task-specific prompts [5,26]. For a more thorough review, we
refer the reader to recent surveys like [30,52].

1 https://github.com/msc42/dialog-using-pointing-gestures.
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2.2 Pointing Recognition

Researchers utilize pointing gestures to improve HRI approaches and models.
Pointing gesture recognition studies can be categorized into approaches that use
a stereo camera or Kinect-based input to estimate 3D coordinates [3,11,14,17,
21,24,31,32] and approaches that use RGB camera input and estimate pointing
direction based on 2D coordinates [18,27,28,34,42]. In addition, pointing gesture
recognition methods can be classified by their used algorithms such as Hidden
Markov Models (HMMs)-based [31,32], probabilistic approaches [9,46], and deep
learning-based [3,17,27,28]. After decision of occurrence of pointing gesture, there
are various ways to calculate pointing direction in terms of used body joints. The
common body parts such as the hand, forearm, and face are used to calculate the
line of sight between them. In [21], dense disparity maps are used to track point-
ing gestures. Similarly, [32] use a disparity map obtained by stereo camera input
and skin-color classification to track the hand and face of the person, whereupon
HMMs are trained to decide on the occurrence of a pointing gesture. For the deci-
sion of pointing gesture direction, three different approaches are compared: line of
head-hand direction, forearm, and head orientation. Park and Lee [33] used stereo
camera inputs and 3D particle filters to track hands, and different from the pre-
vious approach, they used HMMs as a two-stage method to decide the pointing
direction more precisely. Similarly, Kehl and Van Gool [22] used multiview cam-
eras to obtain 3D coordinates of points in the real world and used them to detect
and track pointing gestures. The line of sight between the pointing fingertip and
eyes is considered as pointing direction. In [34], a single RGB camera input is used
to track and estimate the rotations of the hand pointing gesture and face. Dur-
ing fusing of face and hand inputs, the Dempster-Shafer theory is utilized. This
approach benefits from prior information about the location of objects which can
pointed at. In another 2D camera input based approach [43], a bottom-up saliency
map in addition to the pointing gesture to identify referred-to objects is used.
Then, attention to specified region is used to detect pointed objects.

In more recent studies, deep learning-based models have been becoming more
useful for both 3D and 2D pointing gesture recognition. In [3,17], off-the-shelf
models are used to calculate 3D vectors to obtain robust pointing gesture recog-
nition. While Azari et al. [3] focused more on detection of face and hand areas,
Hu et al. [17] estimated human body pose to obtain pointing line using eye and
wrist coordinates. In [28], a pipeline that works with inputs from RGB drone
camera is constructed. While the OpenPose model [7] is used to estimate human
body pose, a Yolo-based detector [38] is trained to detect target objects. In a
follow-up work [27], the authors extended their work using monocular simulta-
neous localization and mapping algorithm to estimate an unscaled point cloud.
Using estimated 2D coordinates and camera calibration, they obtained estimated
depth coordinates of hand and target objects.

2.3 Combination of NLU and Pointing Recognition

Bolt [4] introduced the combination of NLU and pointing gesture recognition.
The system is constrained to draw shapes on specific positions on a screen, using



a rule-based natural language understanding system. If pointing gesture place-
holders like “that” are recognized, pointing information is used to fill information
in the placeholder. An immobile motion controller is used in the system.

In [48], a system that is more flexible is presented. Pointing gestures are
recognized by cameras in different angles and light conditions. The natural lan-
guage understanding system is also rule-based. The fusion of both modalities for
this system is described in [16]. They rely mainly on the speech input because
the pointing gesture recognition component is error-prone. If information in the
speech input is missing, information of the recognized pointing gesture is added
by a rule-based system. Pointing phrases like “that” are ignored because they are
often misunderstood by their automatic speech recognition system. The system
was evaluated with a real robot in a realistic scenario [49]. [42] also combines
rule-based language parsing with line-of-sight-based pointing gesture recognition
to perform saliency-based visual search.

Most of the newer systems [17,19] still use rule-based NLU and rule-based
fusion of the pointing target objects with the semantic representation. In con-
trast, in [39] a POMDP is used for recognizing the natural language and pointing
gesture as well as for learning to output the right response. [45] use verbal clues
to disambiguate pointing gestures in a closed-world setting, comparing different
approaches like Support Vector Machine and Decision Tree. Recently, Pozzi et al.
[35] proposed an idea similar to our work, i.e. to disambiguate robot commands
using pointing gestures, but provide only preliminary studies.

Most similar to our work, Chen et al. [8] introduced the task of Embodied Ref-
erence Understanding (ERU), i.e. resolving a natural language referring expres-
sion in combination with a pointing gesture. The authors also created a dataset
and an end-to-end model for their task. However, they focused on single-round
reference understanding, and explicitly asked annotators to give unambiguous
referring expressions. In contrast, in our work, we embrace ambiguity and embed
the task of ERU into a more high-level goal of performing task-oriented NLU
in a robot scenario, including the ability to resolve ambiguities using interactive
dialog.

3 Methodology

3.1 Pointing Recognition

We aim to recognize the pointing target object or objects with using only 2D
images, namely video frames, without further information such as depth. Our app-
roach is to detect hands, decide pointing time, and draw a line during the pointing
time. Meanwhile, we run an object detector to detect the existing objects in the
scene. In the end, we get the objects overlapping with the line and perform major-
ity voting using output from each frame in the pointing time in order to decide the
final label or labels. However, in order to perform this, we must overcome several
challenges. First, we need to detect hand or hands precisely. Second, we have to
detect almost all objects in the image. Third, we must decide how to draw the line
since there are several different factors that may affect the accuracy of the line.



Last but not the least, we have to classify detected hands correctly since we need
information on hand-side when we draw a line.

In order to overcome aforementioned challenges, we propose a method that
is comprised of different components. We first propose to use YOLOv5 [20] to
perform hand detection due to its success and robustness. We train the YOLOv5
model on a large-scale hand dataset (100DOH) [44] and use the 100k Frames ver-
sion. Since we need to classify the hand to draw the line accurately, we divide the
hands into two categories —left hand and right hand— and train the YOLOv5
model to learn left hand and right hand as two different object classes. How-
ever, in our experiments, we realized that although YOLOv5 is able to accurately
detect the hands, it is not accurate to assign correct labels. Therefore, we decided
to use an additional classification model to classify detected hands. For this, we
employ the Mobilenetv2 model [41] due to its performance in terms of accuracy
and running time. We performed fine-tuning with the Mobilenetv2 model on the
same hand dataset by addressing the task as a binary classification. By means of
Mobilenetv2, we achieve much better classification accuracy and this boosts the
performance of the overall system. Moreover, for the object detection, we benefit
from the pretrained YOLOv5 that was trained on the MSCOCO dataset [25].

After the decision that there is a pointing based on the hand detection and
tracking, we run an object detector. Thereafter, we utilize the OpenPose pose
estimation model [7]. We use elbow and wrist points to draw the line and extend
that line till the end of the image. After that, we get the objects overlapping
with the line as pointing target objects. However, according to the experimental
results, we realized that this method fails when the hand, and specifically the
index finger, points at a direction different from the arm. In order to overcome
this problem, we utilize estimated points on the forefinger to draw the line. For
this, we crop detected hands and send them to the OpenPose hand pose esti-
mation model [47] to get hand pose estimation output. We utilize two adjacent
points on the forefinger to draw the line. In the end, we follow the same strategy
and take the objects that overlap with the drawn line. This approach is more
robust against changes in the hand direction.

3.2 Multimodal Natural Language Understanding

We first give a broad overview of the purpose and interface of the natural lan-
guage understanding (NLU) component. Details to our specific implementation
can be found afterwards.

The NLU component receives three inputs: First, a boolean p whether a point-
ing gesture was recognized. Second, a multiset O = {o1, ..., oN} of recognized
objects from the pointing recognizing component, where each oi is a text label
from the object recognition (e.g. “apple”). Third, the natural language utterance
u provided by the user. The variable u may either contain a dialog object hint or
an unspecific phrase, e.g. “give me that apple” vs. “give me that thing”.

The goal of our NLU component is to output a symbolic API call which could
be executed by a robot planner or a similar receiving component. If p indicates
that no pointing gesture is recognized, u is processed by the NLU component



Table 1. Ambiguous case responses, assuming a pointing gesture is provided. obj. rec.
= |O| and its content (s.c. = same class, d.c. = different classes). obj. hint = dialog
object hint in user utterance (not rec. = hint not in recognized objects, mult. rec. =
obj. recognized multiple times). X = dialog object hint, O = {A,B, ...}

Obj. rec. Obj. hint Response

0 � I cannot see the X. Please point exactly to it

0 — I cannot see anything. Please point exactly to the object
you refer to

1 Not rec. I cannot see the X, but I see a/an A. Please point exactly
to the X

≥2 Not rec. I only see A, B, .... Please point exactly to the X

≥2 Mult. rec. I see multiple X. Which X do you mean?

≥2, s.c. — Which A do you mean?

≥2, d.c. — Please point exactly to the object you refer to or describe it

and an API call like “carry apple” is generated, where the receiver of this API
call must do the grounding to find the object by itself (not part of this work).
In the case of using a natural language command and a pointing gesture, an
API call like “carry #apple” is generated if the natural language command and
the pointing gesture could be processed unambiguously. The “#” indicates the
receiver can look for the bounding box of the object in the list of the recognized
objects of the pointing recognition component. In this list, only one apple can
be included because otherwise, the request would be ambiguous. If the request
of the user is ambiguous, the system yields an appropriate natural language
response as specified in Table 1. In this work, an API call can use up to two
objects and one of them can be grounded in a pointing gesture.

To instantiate the NLU model, we use a pretrained Transformer [51] model,
specifically, T5-large [37] with 737 million parameters. The three NLU compo-
nent inputs as defined above are passed to the Transformer in a textual way,
specifically by concatenation with pipe and comma as separators, i.e. the input
is “p | o1, ..., oN | c” (e.g. “yes |apple, bowl |Bring me the apple”). The output
is either the API call or one of the responses of Table 1. To train the model, a
generated dataset as described in section Sect. 4.2 is used. We used a batch size
of 32, a learning rate of 2.5e-4, and the Adam optimizer [23]. The weights of
the embedding layer and the first two Transformer encoder blocks were frozen
during the complete training (679 million trainable parameters).

3.3 Interactive Pointing Dialog

To realize an interactive, multimodal dialog system for instructing a robot to
perform a specific task, the pointing recognition and multimodal NLU compo-
nents introduced above are combined. The interface between both components is
realized by a cache storing the latest pointing recognition candidates and read by
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Fig. 2. Overview of the full interactive pointing dialog system, combining pointing
recognition and multimodal NLU. Please note that the decisions depicted inside the
NLU module are not actually hard-coded, but trained into the Transformer model. For
a step-by-step application example, see Fig. 1

the NLU module. If an ambiguity is detected, the NLU module yields a follow-
up question presented to the user. The pointing recognition candidates cache
can now either be updated by the user improving their pointing gesture or by a
clarification utterance, which is processed by a vision-language disambiguation
module to filter the elements of the cache. A sketch of the resulting system is
shown in Fig. 2, and a more detailed description follows below.

Without a specific trigger, the pointing recognition component runs perma-
nently and processes the camera images. If a pointing gesture is recognized, the
resulting pointing target object candidates are written into a cache, which serves
both as communication buffer to the NLU module as well as a temporal smooth-
ing of the pointing results. Specifically, each entry in the cache is a bounding
box associated with a recognized object label and a numeric identifier.

The NLU module is triggered by an input user query like “Please give me
that thing”. We assume the input to be text, as it would be recognized by an
automatic speech recognition system when deployed to a real robot. While the
NLU module is a black-box Transformer model as described in Sect. 3.2, this
model is trained with data leading to a two-stage decision process as depicted
in Fig. 2. If p in the input indicates that there is no pointing gesture, pointing
is irrelevant and an API call is produced immediately. Otherwise, the content of
the pointing recognition cache (which is given as a secondary input to the model)
determines whether there is an ambiguity or not. This either leads directly to
an API call or a natural language follow-up question, which would be sent to a
Text-to-Speech system.

In case a follow-up question was presented, the user can respond in two dif-
ferent ways: First, the user can answer the question with a natural language
clarification utterance. In this case, we feed the input text to a CLIP [36] model
that is able to predict the most related image given a text without further adap-
tation for the domain or task. In particular, we cut out the images of candidate



objects using the detected bounding boxes and address the task as a zero-shot
classification task which means we provide one text and multiple images, and
CLIP produces a similarity score for each image with respect to the semantic
similarity with the text input. As a result, the pointing recognition cache is mod-
ified to only retain the candidates with a similarity score above an empirically
determined threshold. Afterwards, the NLU is triggered again with the origi-
nal user query, now accessing the updated pointing recognition cache and thus
(hopefully) resolving the ambiguity.

The second option of the user to react to a follow-up question is to improve
his pointing gesture, e.g. by moving closer to the target object. In that case, the
pointing recognition component receives the new camera images and updates the
pointing recognition cache. If such update happens in a reasonably short amount
of time after a follow-up question was issued (3 s), we consider this as a trigger
and feed the original user query to the NLU module again, similar to the above.
Note that for both options of ambiguity resolution, if the ambiguity still remains,
the process can be repeated. Therefore, both options end with re-triggering the
NLU module with the original user query.

4 Dataset

4.1 Human Pointing Dataset

To properly evaluate the performance of our pointing recognition component
as well as the overall multimodal dialog system, we collected a test dataset
of human pointing demonstrations. In particular, our dataset consists of 182
videos showing 4 different human subjects pointing at specific kitchen objects
of 24 different classes (referring to the classes of the MSCOCO dataset [25]).
The distribution of collected videos based on selected classes are shown in the
supplementary material in A.3. Each video shows a human starting the pointing
gesture, pointing for a few seconds, and then ending the gesture again. Video
lengths are in the range of 1.1 to 7.8 s, with an average of 3.5 and median of 3.2 s.
During recording, some participants spoke out the name of the object which is
pointed at to undoubtedly specify their intended pointing target. However, this
audio is only for annotation purposes and thus not part of the task or usable by
our system.

The dataset features a huge variety of test cases and diverse visual challenges,
including varying lightning conditions, locations, cameras, camera viewpoints,
specific object instances and human appearance.

Specifically, videos were recorded at six different locations (each involving
various viewpoints) using four different cameras, from laptop webcam to smart-
phone to GoPro camera. Due to practical considerations and object availability,
the distribution of pointing target object classes is not uniform. In the supple-
mentary material in A.3, you can see a figure that depicts this. Furthermore,
there are cluttered scenes involving many objects, as well as challenging cases
where the pointing target is hard to be unambiguously identified even for a
human viewer. For some exemplary video shots, see Fig. 3.



Fig. 3. Samples from our human pointing dataset (more in the supplementary material)

Next to the pointing videos, we also collected another set of 40 short videos
showing the same human subjects in the same environments, but without per-
forming a pointing gesture. These scenes were collected with the goal of 1) con-
trolling for false positives of the pointing recognition, and 2) testing the natural
language component also in case there is no pointing gesture.

This sets our dataset aside from previous work, specifically YouRefIt [8],
where pointing can be assumed to be present in every sample. Furthermore,
in contrast to [8], we explicitly do not ask for unambiguous references, both
concerning the pointing gestures as well as the annotated natural language com-
mands (which are explained in the next section). This is because we do neither
intend to study pointing gesture recognition in isolation nor embodied reference
understanding in a single-turn setting, but we aim for multimodal, task-oriented,
interactive and thus multi-turn dialog for resolving ambiguities.

4.2 Natural Language Understanding Dataset

For training the NLU module as described in Sect. 3.2, we generated a dataset
where each sample consists of data mimicking the pointing recognition output
joined with an input utterance (source) and an output text (target). Specifi-
cally, the sources have the format “p | o1, ..., oN | u” with p indicating whether a
pointing gesture was recognized, o1, ..., oN denoting the recognized objects and
u being the utterance of the user, e. g. “yes |apple |give me the apple” or “yes
|apple, orange |give me the object”. The target is either an API call or – in case of
an ambiguous source – an appropriate response, e. g. “carry #apple” or “Please
point exactly to the object you refer to or describe it”. See Sect. 3.2 and Table 1
for more information. The utterances of the training and validation dataset
are based on the training and validation dataset of the EPIC-KITCHENS-100
dataset [10], respectively. Details on how we adapt these utterances to the format
of our dataset can be found in the supplementary material in A.1, accompanied
by samples from the generated data.

For the test dataset, we collected two utterances for each of the 182 recorded
pointing videos and the 40 recorded non-pointing videos (see Sect. 4.1). We used
the reference pointing information (testref ) or, to also simulate the ambiguous
cases, the output of the pointing recognition component with the hand pose esti-
mation model, namely forefinger without margin (testhyp), to annotate the tar-
get API call or clarification question in the same way as in the training dataset.
Specifically, for testhyp, we used the recognized pointing target objects from our



Table 2. Statistics of the NLU dataset. More details in the supplementary material

Response Train Val Testref Testhyp

API call one entity w/o pointing 28,352 239 33 31

API call one entity w/ pointing 9,143 93 257 144

API call two entities w/o pointing 4,275 154 7 9

API call two entities w/ pointing 1,313 66 147 58

Ambiguity resolution through follow-up question 22,633 296 – 202

Total 65,716 848 444 444

pointing recognition component and, if it was not possible to output a command
unambiguously with the recognized pointing targets, we adapted the targets to
the responses from Table 1. We additionally collected a clarification utterance
for each video, which serves as the user’s response to the system’s clarification
questions from Table 1. To illustrate this, consider the command “please cut that
fruit into small pieces” with an accompanying pointing gesture. If the system is
not able to determine the referred object with a high confidence, it will respond
with “Which fruit do you mean?”. A possible clarification utterance is then “the
yellow one”.

In the end, we obtained 65,716 / 848 / 444 utterances as training / valida-
tion / test set, respectively. Additionally, we have 96 actions and 7 clarification
response patterns in the training, 70 actions and 7 clarification response patterns
in the validation, and 71 actions in test dataset. More detailed statistics can be
found in Table 2.

5 Evaluation

5.1 Pointing Recognition

The results of the pointing recognition are depicted in Table 3. While forearm
means we employed wrist and elbow points to draw the pointing line, forefinger
indicates that we utilized two points on the forefinger as explained in Sect. 3.1.
Besides, + states that we include a margin around the line to capture nearby
objects as well. For each sample, we evaluate the multiset of recognized pointing
target labels O = {o1, ..., oN} produced by each method using the following
metrics, where g is the ground truth pointing target: exact match means O =
{g}, include: g ∈ O ∧ |O| > 1, others: g /∈ O ∧ |O| ≥ 1 and none: O = ∅. See
supplementary material C.1 for further explanations.

The results show that the index finger approach outperforms with an F1-
score of 56.9 % the forearm approach with an F1-score of 42.6 % on our test set.
Also, we can observe that using a margin leads to more object detections, which
lowers the exact but increases the include score, i. e. it leads to a higher recall
while increasing ambiguity. This again motivates the need for interactive dialog,
with results of the combined system shown in Sect. 5.3. 21.43 % of the cases have



Table 3. Pointing component evaluation. Numbers in percent. See the text for details

Method F1 ↑ Exact ↑ Include ↑ Others ↓ None ↓
Forearm 42.6 6.59 32.42 43.96 17.03

Forearm + 50.1 8.24 37.92 38.46 15.38

Forefinger 56.9 9.34 42.85 30.77 17.03

Forefinger + 63.0 3.30 54.39 26.92 15.38

Human 68.7 68.7 – – –

object detection error which represents 39.79 % of the total failures. Further,
we validate the pointing recognition regarding false positives using the set of 40
videos showing no pointing gesture (see Sect. 4.1). Here, our pipeline erroneously
detects a pointing in only two cases, i. e. 38 videos are correctly classified as not
showing a relevant gesture.

To assess the difficulty of our dataset and to provide an upper bound for
model performance, we also measured human accuracy on the pointing demon-
stration videos. For this, we asked several subjects not involved in the project to
watch the short (muted) video clips and write down an unambiguous expression
identifying the object they think the pointing gesture targets. We then com-
pared these annotations manually with the ground truth labels (as defined by
the person performing the gesture in the video), where a match is not required
to have the same wording, but should unambiguously refer to the same object.
In this way, we avoid costly bounding box annotation. Human evaluation leads
to an F1-score of 68.7 %.

5.2 Multimodal Natural Language Understanding

The used datasets for the evaluation of the Multimodal Natural Language Under-
standing (NLU) component are described in Sect. 4.2.

We trained our model described in Sect. 3.2 three times and chose the model
with the second best accuracy on the complete target of the validation dataset
for this evaluation, to exclude outliers due to random effects, thus making it
easier to reproduce the results. A beam size of 4 was used. For clarification
responses where objects are enumerated, the order is ignored for evaluation.

As metrics, we calculated the accuracy for the complete outputs and individ-
ually for the predicted actions, first objects, and second objects. Actions means
the correct action like “wash” in an API call for an unambiguous input or the
correct clarification response for an ambiguous input. The first object is the
first argument of the API call or the first placeholder group of a clarification
response. Analogously, the second object refers to the second object of the API
call or the second placeholder group of a clarification response. For each possi-
ble clarification, Table 1 shows what placeholder groups (X or A, or A, B, ...)
occur. We calculated the accuracy by dividing the number of correct samples by
the number of total samples, where the later takes into account that not every



Table 4. NLU evaluation on testref/testhyp. The numbers report accuracy (acc.) in
percent regarding the complete output, action, first and second object slot of the out-
put, respectively. For testref , there are no ambiguous cases and thus no clarifications

Subset\acc. of testref testhyp

Complete Action 1st obj. 2nd obj. Complete Action 1st obj. 2nd obj.

All 57.7 68.9 78.4 58.2 54.1 78.6 51.9 50.0

Pointing?

– yes 58.4 69.3 80.2 59.1 55.4 80.0 51.5 53.9

– no 50.0 65.0 60.0 37.5 40.0 65.0 55.0 21.1

Target

– API call 57.7 68.9 78.4 58.2 33.9 69.8 48.3 40.2

– Clarification — — — — 78.2 89.1 60.8 63.2

clarification response has a first or second object and not every API call has a
second object.

Test results are depicted in Table 4. Additional results including the evalua-
tion of the validation set can be found in the supplementary material C.2. We
evaluated not only for each complete dataset (all), but divided each two times
into two different disjoint subsets. The first partition separates samples based
on whether a pointing gesture was used or not (pointing? ). The second criterion
differentiates based on the output target, which can either be an API call or a
clarification response (target).

The model has an accuracy of 57.7 % on the testref dataset and an accuracy
of 54.1 % on the testhyp dataset. The use of pointing gestures relatively improves
the performance by 16.8 % (testref ) and by 38.5 % (testhyp).

5.3 End-to-End Results

Finally, we evaluated the overall interactive dialog system, including pointing
recognition, multimodal NLU and clarification disambiguation. For conducting
these end-to-end experiments, we took the output of the hand pose estimation
model without the margin approach (forefinger) from Sect. 5.1 and the NLU
model from Sect. 5.2. As the final output of the system (after disambiguation) is
an API call, we report the same metrics as described in Setion 5.2. The results
of evaluating on the human pointing dataset with human-annotated commands
and clarification utterances are depicted in Table 5. When comparing to the
results of pointing recognition on its own (Table 3), we can see that the inter-
active dialog significantly improved the performance, with 23.3 % of the API
calls generated completely correct, where the performance of an exact match of
pointing recognition itself is only at about 9.34 %. The accuracies of the NLU
component separately evaluated, see Sect. 5.2, are higher, but in the experiments
of the NLU component either a reference label for the object which is pointed at
is used or no pointing gesture is involved. In the second case, it is assumed that



Table 5. End-to-End evaluation result of our dialog system on the human-annotated
human pointing dataset (with pointing gesture). Metric is accuracy in percent, more
explanations in Sect. 5.2

System Complete Action First object Second object

Without CLIP 13.4 29.5 18.8 16.1

With CLIP 23.3 51.2 33.4 27.6

the object grounding challenge is solved (which is not the case [40] and would
hence decrease the accuracies). Table 5 demonstrates the impact of the CLIP
disambiguation model, where with CLIP refers to the full system and without
CLIP is the sole combination of pointing recognition and NLU component (i. e.
no multi-turn dialog). If the NLU component detects an ambiguous case and out-
puts a clarification question, this is counted as wrong in the without CLIP case
since the ambiguity cannot be resolved. This point leads to the low accuracies.
Comparing the resulting numbers, we can again observe that the multi-turn dia-
log significantly improves the results on all evaluation metrics. This underlines
the significance of multimodal ambiguity resolution and indicates the potential
for further research in this area.

6 Conclusion and Discussion

In this paper, we presented a system combining pointing recognition with mul-
timodal NLU to achieve an interactive, task-oriented dialog for robot command
disambiguation. Our experimental results show that the proposed approach pro-
vides a flexible and intuitive way of communicating intentions via gestures and
language and thus is a valuable contribution to HRI. In contrast to previous
work [8], our dataset and system can handle both cases with and without point-
ing gestures and embraces ambiguity in both modalities, solving them through
interactive dialog. To foster future research on this important aspect of HRI, we
published our code, models and evaluation dataset.

For future work, we will improve individual components, e.g. NLU with larger
models like T5-11b and more elaborated fine-tuning procedures. Moreover, if
the NLU component detects a pointing phrase, it could overwrite errors in the
pointing detection of the pointing recognition component. Efficient methods to
estimate coordinates and pointing direction in 3D could further improve the
current results. Moreover, we plan to deploy the developed system to a real
humanoid robot to allow for end-user feedback.

A problem of our presented pipeline system is the accumulation of errors from
each component (object recognition, hand pose estimation, recognition of start
and end time of pointing gesture, NLU). To mitigate that, we could pass proba-
bilities instead of final decisions from upstream to downstream components. For
instance, this could carry uncertainties from object detection (apple vs. pear) on
to the NLU component, where it might be resolved due to verbal clues (“please



give me that apple”). Furthermore, to eliminate error propagation completely,
an end-to-end system could be developed.
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