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Sketch and speech are intuitive interaction methods that convey complementary information and have been independently used

for 3D model retrieval in virtual environments. While sketch has been shown to be an effective retrieval method, not all collections

are easily navigable using this modality alone. We design a new challenging database for sketch comprised of 3D chairs where each

of the components (arms, legs, seat, back) are independently colored. To overcome this, we implement a multimodal interface for

querying 3D model databases within a virtual environment. We base the sketch on the state-of-the-art for 3D Sketch Retrieval, and use

a Wizard-of-Oz style experiment to process the voice input. In this way, we avoid the complexities of natural language processing

which frequently requires fine-tuning to be robust. We conduct two user studies and show that hybrid search strategies emerge from

the combination of interactions, fostering the advantages provided by both modalities.
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1 INTRODUCTION

In recent years we have witnessed a rise of consumer interest for Virtual Reality (VR), largely motivated by improved

performances and lowering commercial prices of devices [5, 26, 40]. This has led to new opportunities for content

development for artistic or design purposes [4, 7, 22, 41, 50]. Such tasks often involve finding a 2D/3D asset in a

collection, which has been achieved in the past using input modalities such as speech, gestures and sketching. Within

VR, these modalities have been shown to be more intuitive than traditional desktop interfaces relying on mouse and

keyboard inputs [10, 49, 52]. They help convey complementary information to identify a target in a collection, although

their combination in multimodal inputs usually requires a delicate weighting to be effective. The advent of deep learning

algorithms has brought new methods that can learn to combine multiple modalities such as speech, gestures, eye-gazing,

and sketches [31]. However, such additional inputs demand the development of more complex algorithms and analysis
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techniques to be interpreted effectively. Sketches are iconicized representations of objects, and many variables affect

its interpretability, including the user’s drawing skills, educational level, mood and utilized tools [15]. Sketch-based

Image and Video Retrieval has received much attention since sketching is intuitive [11], depicts visual information

very quickly and can be easily carried out in 2D using a mouse or touch screen (optionally with a pen), additionally

supporting semantic information provided through UI tools (drop-downs or search) [28] for video. In contrast, 3D

sketch as query-by-example is an under-explored research area in the context of virtual environments. Recent works

have shown that 3D sketch alone does not lead to high accuracy results [18]. Giunchi et al. [19] address this issue

by presenting the user with a navigable set of query results instead of a single one. Furthermore, they implement a

generalization of the retrieval task, achieving similar results with different object categories. Nevertheless, we will

show that the sketch-based search is insufficient to enable the effective navigation of databases with high variation of

colors among objects parts. Sketches carry only visual information, not a semantic one, such as the meaning of a stroke

representing a part of a chair. This imposes important limitations in a search query, forcing the user to focus exclusively

on similarities related to shape. Hence, we design a new dataset of chairs built from ShapeNet [53], by segmenting

each chair into four parts and coloring them from a selection of six colours. We show that this simple addition already

provides a granularity level to the database, which makes sketch-based search unfit for efficient retrieval. We choose

chairs for our dataset due to their relative simplicity. As drawing a chair relies largely on primitive concepts (lines), this

allows us to disentangle user drawing-skills during our studies. In order to overcome the limitations of sketch-based

retrieval, we implement a multimodal system that extends previous works on VR sketching applications. We leverage

the recent advances of immersive 3D sketch model retrieval based on deep learning models [19] and create a generic

pipeline where 3D sketch and speech interactions are integrated and their feature descriptors can be interchanged

seamlessly. In our design, the user is immersed in a virtual environment and interacts via both sketch and speech to

search for a target object from our database. Thus, the expressive power of the queries is extended beyond the visual

domain by introducing semantic descriptions for shapes and colors. To evaluate our system, we design a user study to

compare the three different interaction modalities: only sketch, only speech, and sketch plus speech combined. We

analyze the participants’ interaction via individual modes, and we study the emergence of new strategies when they

are allowed to combine them. All three experimental configurations allow incremental search, with the possibility of

step-by-step refining. Before starting our study, we ran a preliminary experiment to determine the optimal number of

words-per-queries for the speech interaction for our user test. The contributions of this paper are as follows:

• We create a large variational database of segmented chairs, and we explore how 3D sketch-based retrieval alone

performs in such collection. We discover that it is unfit for an efficient navigation.

• We design a multimodal interface for 3D model retrieval in VR with both sketch and voice inputs. As part of our

design, we implement a consistent translation method between both types of queries, allowing their integration

during a single search session.

• We perform a user study to evaluate our multimodal interface’s search performance and the corresponding

single modes of interaction. We focus our analysis on the emergence of new search strategies, enabled by the

integration of voice and sketch interactions during the study.

In Section 2, we give an overview of related work on virtual environments and multimodal interaction. Section 3 explains

the details of our virtual environment model retrieval system and the novel use of interactive machine-learning-based

searches that enable an iterative sketch and query refinement process. Section 4 presents a preliminary user study to

determine the optimal number of words-per-query for our speech interaction, and perform general fine-adjustments to
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our experimental design. In Section 5, we study the emergence of new strategies for search refinement during the user

studies and analyze the user performance in terms of accuracy, speed and user experience rating. Section 6 presents the

limitations of our design and ideas for future work. In Section 7, we present our conclusions.

2 RELATEDWORKS

We first review independent modalities of sketch (sec. 2.1) and voice (sec. 2.2) interactions within a virtual environment.

Finally, we describe how previous studies of the combination of modalities, especially sketch and voice, influenced our

work (sec. 2.3).

2.1 Sketch in Mixed Environment

In the last few years, sketch interaction has inspired many studies, especially in combination with 3D environments. In

VRSketchIn [14], Drey et al. use a 6DoF-tracked pen and tablet to explore 3D mid-air sketches in combination with a 2D

constrained sketch on a surface. They explore 2D and 3D sketch in design space, analyzing these two different metaphors

and related emerging patterns. Elsayed et al. [16] showcase VRSketchPen that is a pen that provides unconstrained 3D

sketching by using two haptics modalities. The first one is a pneumatic force able to replicate a real surface constraint,

and the second one is vibro-tactile feedback for emulating textures. A different approach is described by Gasques et

al. [17] with PintAR. The user is provided with a pen, a tablet and an AR device, and the system is able to port the sketch

taken on the tablet in the augmented environment. Additional functionalities are added such as rotation, translation, a

sketch library and customizable views. While this study exploits the 2D sketch interaction moving the content in an AR

space, Leiva et al. [34] designed Pronto, a video prototyping system that uses a tablet and merges 3D manipulation

with 2D video. In particular, Pronto supports four modes: 3D spatial data capture, 2D sketch depicting and positioning

in 3D environment and animation generation. With these simple operations, Pronto produces a video that shows the

prototype of an augmented reality experience. Object design benefited a lot from augmented reality applications, such

as in Reipschlager et al.’s DesignAR [43]. This system includes an AR workstation with the possibility of navigating

through a database of AR objects, sketching with a pen in a 2D surface, extruding contours. The integration of pen and

multi-touch improve the accuracy that usually represents an issue for mid-air sketching systems. Suzuki et al. [46]

propose RealitySketch, an alternative approach of drawing sketches that are moved into the augmented world. The

user sketches and connects the drawing to a real object exploiting real dynamics and physical phenomena in their

prototype. For example, the user can sketch a line that connects a ball and a pivot point and the arc that determines the

angle of the pendulum, and the sketched item will follow the expected pendulum oscillation. Other works try to use

3D sketch as primary interaction to retrieve models comparing traits and colors to shapes and textures. Li et al.’s [35]

work compares multiple 3D sketch-based algorithms for 3D model retrieval. They gather hand-drawn 3D sketches and

generate a dataset paired with a 3D model collection. Giunchi et al. [18, 20, 21] implemented a VR application that uses

sketch as the main mechanism to search a target chair among an extensive collection. This software provides the user

with an iterative method of depicting a chair, querying a neural network with a 3D sketch at each step, or by fusing the

sketch and a chair model. We follow the same implementation of this sketching system and insert the additional speech

interaction component in this work.

2.2 Speech in Virtual Environments

Natural language interfaces have been widely used in many different areas such as databases [29, 36], mobile systems [24,

56], home media systems [37, 48] and vehicle interfaces [6, 32]. In the case of VR, the addition of voice input can
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increase the sense of embodiment and the interface's intuitiveness. The design of a voice interface requires tackling a

variety of tasks [38]: speech recognition, sentence comprehension, and interaction metaphor. These were addressed by

McGlashaet al. [39]. They implement an agent-based software with basic dialogue features that the user can interrogate

using speech interaction. McGlashaet al. [38] showed that the extraction of spoken information via speech recognition

e�ectively reduces the need for text input. The spoken language is interpreted through cascading Adaptive Speech

Recognition (ASR), and the produced text is fed to the search engine. ASR is a critical component, but it can be inadequate

in real-life scenarios where an extensive dictionary and the language's complexity can reduce its accuracy. Conversely,

other systems have been built based on cascading ASR, such as SpeechFind [25], PodCastle [23], and GAudi [3]. In

our research, speech recognition and language comprehension are provided by an experimenter that operates via an

external software interface, to provide the user with a collection of proposed chairs (see Section 5.1).

2.3 Multimodal Interaction

Multimodal interfaces have long-standing literature. More than 40 years ago, the pioneering study of a voice plus gesture

system was described by �Put that there� [9]. The user could interact with voice, gestures, and directly manipulating

the graphics. The combination of speech and pointer interaction allowed the user to create a geometric �gure and

de�ne its color and position. This system followed a �xed work�ow where the user-created visual content and then

positioned it on a 2-dimensional panel. Since then, the combination of speech with other visual channels has been

thoroughly investigated [10, 13, 42, 47, 49, 51, 52], bringing attention to the advantages and disadvantages of multiple

modes. For example, Cohenet al. [12] showed that, although gestures were suitable for model manipulation, the speech

was more apt for object description, and their combination was much more e�ective. When designing a multimodal

interface, mistakes may largely a�ect the �nal experience, as is the case of Kay's worket al. [30]. Here, the system

uses speech and drawing interfaces, and a time-consuming vocal command control regulates the cursor's movement.

In the last two decades, a di�erent approach, more human-centered, has gained much attention. Human-Centered

HCI (HCHCI) focuses on the person's needs as a primary aspect of completing a task. When many modalities are

used, the main task here is to combine knowledge from multiple channels to achieve a coherent, continuous �ow of

data to be parsed. Fusing the incoming data becomes essential. Information fusion may be classi�ed by input, design,

data method, process or data source. In multimodal HCI (MMHCI), fusion is de�ned as data fusion, feature fusion, or

decision fusion. Data fusion occurs when data is of the same form as a multi-sensor fusion. Feature fusion, which is

the most frequent approach in MMHCI, refers to tightly coupled modes such as audio or video. This type of approach

involves, for example, weighted averages, Bayes estimation, Kalman �lter, Hidden Markov Model [27], neural networks.

Decision fusion encompasses modalities with weak relation and is similar to cognition fusion. This fusion type can

be categorized as a task-based, hierarchical, agent-based, probability-based, or component-based model. Since we use

sequential audio and visual feedback (see Section 3.2) to �nd our meaning, we consider our system belonging to the

feature fusion category. The combination of sketch and speech has been previously explored to accomplish a wide range

of tasks. Bischelet al. [8] introduced a multimodal framework to interpret the description of mechanical devices. They

used two-layers neural networks to process data coming from sketch and speech inputs. The visual attributes extracted

from the strokes de�ne a collection of geometric features. Spatial and temporal relations are kept in consideration.

Speech features are obtained with the temporal correlation between words and strokes. In particular, sketch and speech

interaction are widely explored. Adleret al. [1] create an interactive whiteboard capable of processing both speech and

sketch to build a shared environment. The subsequent user study allows them to use only command-based speech,

annotations that replace drawings, unidirectional communication, and a limited number of visual symbols for the
4
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Fig. 1. Our database contains16200chairs generated from45di�erent shapes extracted from ShapeNet. Each shape is segmented in
4 parts (seat, back, legs and arms). We assign colors from a fixed set of6 to each part following a permutation without repetitions in
the same chair.

vocabulary. Adleret al. [2] analyzed the temporal correlation between speech and sketching. They de�ned a set of

rules for signal segmentation and alignment and used the aligned data as a basis for further studies. Our study focuses

on how people combine temporal sequences of queries and how they elaborate common strategies by exploiting the

advantages of sketch and voice modalities.

3 DATABASE AND INTERFACES DESIGN

We create a �ne-grained dataset that would be challenging for sketch modality. Our dataset consists of 3D chairs from

the ShapeNet dataset, segmented into four constituent parts, colored from a �xed selection of colors. We discuss the

generation process of the dataset Variational Chairs ShapeNet (VCSNET) in Section 3.1. Our system combines sketch

and voice modalities, leveraging the state-of-the-art 3D sketch retrieval method by Giunchiet al. [19], where a 3D

sketch is depicted by the user and processed by a convolutional neural network (CNN) to create an encoding for the

query. Giunchiet al.utilize the Multi-View CNN [45] to create the sketch encoding, which projects the 3D sketch into

multiple images around the sketch. Each view can then be encoded by the VGG-Net [44] and pooled to create a singular

encoding for the 3D sketch. In the case of the voice input, we opt for a wizard-of-oz style experiment. We explain both

of these choices in detail in section 3.2 and the apparatus in section 3.3.

3.1 Variational Chairs ShapeNet (VCSNET)

Our dataset consists of 3D chairs generated from a subset of the ShapeNet database [53], which provides an extensive

collection of 3D models with signi�cant geometric variations. However, ShapeNet lacks two critical features: �rst

and most importantly, it does not contain semantic tags, which hinders text search due to the absence of attributes

associated with the models. Second, it does not have variations of color and texture for �xed shapes, thus presenting

low intra-model variability. Therefore, we generated a dataset based on ShapeNet that presents signi�cant intra-object

di�erences and textual meta-information, the Variational Chair ShapeNet (VCSNET) database1.

To generate our database, we selected45chair shapes from ShapeNet and segmented them manually with Blender

into four parts (when existing): arms, back, seat, and legs. Then we generated all possible combinations of colors for

each part, from a �xed set of six colors (red, green, blue, magenta, yellow, and cyan) and without having two di�erent

parts with the same color on the same chair. This permutation gives360color variations and a total of16200chairs in

1Variational Chair ShapeNet dataset will be made available on publication.
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Fig. 2. Plausible use cases. Red boxes contain sketch queries, blue boxes vocal queries. The first two use cases correspond to individual
sketch or vocal interactions, while the last two cases combine them.

our dataset. With visual and geometric properties, we include meta-information attached to such models to describe

their semantic properties. These properties need to be descriptive and unambiguous to be e�ective for speech queries.

This task is challenging, as the color perception by the human visual system and the ability to describe it is highly

variable. Thus, we de�ned a �xed set of available colors, so the users do not have to select from a continuous spectrum

of hue. Therefore, we developed a �xed dictionary of characteristics for chairs and their constituent parts. We de�ned a

series of attributes present in all the selected chairs after analyzing their shapes. We iterated until reaching a stable

number of attributes representing the elements in our dictionary (see supplemental material).

3.2 Interface Design

Our system is composed of two front ends one for each modality and a hybrid search system. The user can interact with

the system via voice and/or via 3D sketch while immersed in a virtual environment, in a variety of ways as illustrated

in Figure 2. We explain the voice user interface, sketch user interface and the hybrid sketch-voice interface below:

Voice User Interface. A verbal description of a chair usually consists of a long sentence, ideally without hesitations

or delays. The system needs to translate this description into a query that retains the information. We initially break this

sentence into a set of queries, each with a subset of the total information. This technique allows the system to separate

word clashes or contradictory aspects of the query. When certain problems (such as conceptual mistakes, erroneous or

lossy translations, incomprehensible terms) are present in the sentence, only a partial and tiny amount of the information

is dropped. To deal with common linguistic complexities (semantic ambiguities, positive or negative queries, and implicit

subjects), we designed an interface that constrains the user's vocabulary. On the other hand, an accurate interpretation

of the user's speech input involves a sequence of complex steps: speaker identi�cation, speech recognition, tokenization,

lemmatization, stemming, text interpretation, descriptor generation, and selection of the proposed results, as shown

in Figure 3. This pipeline can be implemented in a fully automatic or semi-automatic way. When fully-automatic, all

the stages are performed by a computer while when semi-automatic, a man enters in the loop, providing the required

knowledge and actions. In the second case, the experimenter operates the voice search via a �wizard of Oz� metaphor, as

shown in Figure 4. The experimenter considers only the relevant terms from the speech description and classi�es them

in the corresponding category speci�ed in the dictionary (used as feature vector).Speech recognitionis an essential step

in the pipeline that converts spoken words to plain text. During this process, relevant information must be separated

from other content that can inject incorrect data into the pipeline. If the stage is handled automatically, dictation

software can be used. An experimenter can convert speech to text very quickly, but its translation to written text in

real-time is tough to accomplish.Tokenizationis a straightforward task to achieve from a corpus both if a computer or
6
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Fig. 3. The speech pipeline includes: speaker identification, speech recognition, tokenization, lemmatization, stemming, text interpre-
tation, descriptor generation, selection of the proposed results.

a human manages the stage.Text cleaningis another phase of the pipeline that is simple to achieve. If handled by a

computer, NLP libraries contain dictionaries that list all the words that do not give useful information. For a human,

dropping words that do not add semantic value to the sentence is easy.Lemmatizationandstemmingcan be managed

by NLP libraries and e�ciently by a human with the limitations used in our experimental setting.Text interpretation

anddescriptor generationcan be managed automatically by state-of-the-art models such as the Transformer model. In

this case, it is necessary to train the model, labeling all the collection with many descriptors. A possible way to achieve

such a meta-information dataset is to use Amazon Mechanical Turk or hire additional participants to describe a large

part of the chairs and complete the color variational dataset, replacing the description's colours. However, both options

require a careful experimental design. As an alternative, in our experimental setup, we provide the experimenter with an

interface where he can click buttons that increase the value of speci�c entries connected to the chair features described

by the users. In this case, at the end of the query, a feature vector is automatically created and can be synchronized with

the current selection in the virtual scene. Regardless of whether a human or computer software performs the voice

processing, each step can introduce unexpected errors, accumulating over time. To support our choice of a Wizard-of-Oz

con�guration, after some tests, we noticed that speech recognition software gave us very low accuracy in some cases

when managed by speech-to-text software (see supplemental material). The reasons can be found in the di�erent

components of each participant's audio pro�le (tempo, rhythm, pitch, context), as well as �uency and accents, all

elements that can a�ect the accuracy of the transcript. Moreover, the microphone from the Oculus Rift is an additional

potential source of noise in the system. On the other side, a human can deal with speech to text conversion easily, and

by limiting the domain of valid descriptive words, we achieve a reliable semi-automatic system. It must be noted that

during the entire interaction with the system, the participants are led to believe that the system is autonomous. We can

distinguish two interfaces that the system provides: a user interface for the participant and a user interface for the

experimenter. The user is immersed in a 3D furnished room and provided with a �oatinggui where the search results

are displayed. The user verbally describes the target chair, shown on a panel positioned on thegui. The participant can

use the dictionary of concepts permanently presented in front of him on a transparent layer (as shown in Figure 5a). All
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Fig. 4. In the Wizard-of-Oz metaphor, the user (on the le�) is immersed in a VR scene, unaware that the experimenter (on the right)
handles the verbal query using the desktop interface, where he can generate the response set. The experimenter's feedback to the
user is a set of five chairs displayed in a VR panel.

synonyms and antonyms are permitted, and all queries end with a terminator (we chose the word "stop"). On the other

end, the experimenter, through a desktop application (as shown in Figure 7b), generates a feature vector and arranges

�ve chairs with the most similar descriptor, calculated via Euclidean distance. These chairs are sent back to the user as

a system suggestion. Agui panel presents the chairs to the user that performs the selection, replacing the previous

chair in the scene. This iterative process ends when the user is satis�ed with its last selection or the elapsed time runs

beyond90seconds (experiment time limit).

Sketch User Interface. Our system reproduces the sketch interface from Giunchiet al. [20], with minor improve-

ments made to the snapshots generation procedure: we switch the camera from perspective to orthogonal, and �x the

camera positions and angles relative to the chair and sketches during the multi-view process. The user can trigger the

system to take snapshots of the sketch only, or the sketch plus a selected chair, chosen from the panel of5 query results

(as shown in Figure 5b).

Hybrid Sketch-Voice User Interface. The hybrid method design, which combines speech and sketch, requires a

formal de�nition of queries to prevent issues during the experiment. In our scheme, the participants are allowed to

use only one method at a time, without overlapping them, but with the capacity to use any number of queries and

combinations thereof. To avoid inconsistencies between consecutive queries of a di�erent kind (sketch or voice), we

determined that a well-formed query must complete three stages as shown in Figure 6: input, processing and selection.

In the sketch interaction (red box), the input is the set of snapshots, the CNN back-end performs the process stage,

and the �nal stage is the selection. For the voice interaction (blue box), input termination triggers the experimenter-

in-the-loop that creates the descriptor. The selection stage is identical to the sketch query. The query is considered

well-formed if all three stages are completed, otherwise, the query is rejected. With this formalization the system can

concatenate any types of query, eliminating inconsistencies and unde�ned chairs. Figure 8 summarizes the work�ows

with the combination of sketch and speech queries. We implemented the software considering these formalisms and

preconditions.
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