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Abstract— We present a multimodal interface for sketch inter-
pretation that relies on a multi-agent architecture. The design
of the interpretation engine and the different agents are based
on a user-centered approach where efficiency measure is defined
as user satisfaction. So far, several graphical agents have been
implemented for recognizing basic graphical objects (e.g., lines,
circles, etc) as well as more complex (e.g., hatches, stairs, captions,
etc) in architectural design. Besides, vocal agents have been
developed for recognizing spoken annotations (e.g., dimensions)
and interface commands. Realistic evaluations with professional
users have demonstrated the potential interest of the proposed
system.

I. INTRODUCTION

Sketching is an efficient way to express ideas, especially
in the early stages of design (e.g, in architectural design).
Everyone has) already seen someone trying to explain his
bright new idea by commenting a sketch on a napkin while
sitting at a table in a restaurant. Although hardware for
computer drawing exists, Computer-Aided Design (CAD) soft-
ware classically rely on more constraining interfaces with
limited interaction (e.g., keyboard strokes, mouse moves and
clicks, etc). Consequently, designers often sketch ideas on
paper and transfer them to the computer later in the design
process, irremediably impeding their creativeness. Sketching is
definitively a more natural design mode and is also an efficient
way to annotate and modify existing CAD files.

Most existing solutions for sketch interpretation result
from a tradeoff between ease of recognition and freedom of
drawing: the more constrained the user drawing style, the
more tractable the sketch interpretation. Nowadays, there are
attempts to develop more general sketch interpretation systems
that can be tailored to specific domains [1], [2] and to possibly
combine drawing with other modalities [3], [4].

We present here a 2-D sketch interpretation system that
relies on a flexible multimodal multi-agent architecture [5],
[6]. It makes the key assumption that the complex design
process builds up over simpler behaviors of the designer.
For instance, the designer uses low-level graphical objects to
draw higher-level objects. The proposed system is composed
of task-oriented agents that are designed to recognize these
simple behaviors. The user inputs, which can be of different
types (e.g., graphical, spoken, etc), are continuously monitored
and interpreted by agents with respect to their capabilities.
Once a scenario has emerged, it is considered as the original
user intention, the recognized object is released and used for

updating the application accordingly. The proposed system
allows triggering suitable agents depending on the interface
context, thereby minimizing the computational burden and
maximizing the interpretation robustness. Although the re-
search has targeted architectural design as the domain of
interest, the proposed system can be extended to other design
fields.

In next section, we first describe the agent-based system
architecture. Next, we present the agents that have been al-
ready implemented, namely graphical agents and vocal agents.
Discussions on the integrated interface are given in section III.
Conclusions are drawn in section IV.

II. PROPOSED METHOD

A. System Architecture

The system architecture is represented in Figure 1. It is fed
with user inputs via various sensors, for example a graphical
tablet for capturing pen-based trajectories, a microphone for
recording speech utterances, a file access for reading CAD
documents, etc. All the inputs are processed by front-end
modules to extract low-level data objects. For example, pen
strokes are extracted from the pen trajectories on the graphical
tablet, acoustic coefficients are computed from the speech
signals, graphical objects are read from the CAD files.

The outputs of the front-end modules are then sent on a data
bus to which the core interpretation system is connected. It is
composed of several agents that are grouped into squads with
respect to their nature. When initialized, every agent declares
its domain of interest by registration of a list of object types
that it can use as inputs. Agents are able to interpret low-
level objects or handle them in order to infer higher-level
objects, which in turn can be interpreted by other agents. Every
agent provides a confidence score for the claimed object. A
conflict between agents interpreting the same objects is solved
by the negotiation module based on the confidence scores.
For example, consider that the user is drawing neighboring
vertical strokes that are posted on the data bus. The hatch-
agent identifies a hatched zone while the text-agent reads “I”
characters. After a few strokes though, the latter will produce
a very low confidence score to the recognized text because it
corresponds to very unlikely words. Hence, the set of strokes
will be labelled as hatches and a hatch object will be posted
on the data bus.
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Fig. 1. The architecture of the multimodal multi-agent system for 2-D sketch interpretation.

The life cycle of a data object terminates once no more
agent is interested in it. The data object leaves the data bus
and is stored in a repository. This object database is used
by far-end modules that evaluate data object to provide the
user with various services. For example, utterances recognized
as commands can be applied by the graphical user interface,
graphical objects recognized as floors and walls can be used in
a 3-D rendering environment, or to estimate building thermal
insulation, etc.

Note that the system architecture includes a socket mecha-
nism to operate the data bus over a communication network
and defines common interfaces for running heterogeneous
agents written in various languages on remote machines.

In next section, we describe the main squads of agents
that have been already implemented. Note that the system
architecture is opened to new modality/agent. For example,
one can imagine a vision squad that will include a gesture
recognition agent, a gaze tracking agent, etc.

B. Rule-based Graphical Squad

Sketching in architectural design can be viewed as a hierar-
chical process where the designer relies on low-level graphical
objects to build higher-level objects. For example, stairs are
typically represented by hatches with a crossing perpendicular
arrow. Hatches are commonly sketched as parallel straight
lines while an arrow is composed of a single straight line
ended with a direction mark.

We rely on this sketching ontology to develop the squad of
rule-based graphical agents. Every agent is interested by some
graphical objects and characterized by a set of rules. A rule
can be either a property of an object (e.g., form, size, etc) or
a topological relation between objects (e.g., relative position,
alignment, etc). As an example, here are the rules for the agent
recognizing the “stairs” object in architectural design:

(STAIR (:id 65542)
((BLOCK :type ARROW) (BLOCK :type HATCH))
((cross p 0 1) (perpendicular p 0 1)))

When the agent finds an object of interest on the data bus
(e.g., either ARROW or HATCH), it applies its set of rules to
verify the object properties and check their possible relations
with already locally stacked objects. If the object matches,

it is stamped and pushed in a local stack. Relations with
stacked objects are checked by testing predicates (e.g., is the
first stacked object crossing the second stacked object and are
they orthogonal ?). Note that the predicates are specialized
functions in the sense of object-oriented programming, that is,
their implementation depends on the nature of their arguments.
Once all the rules are matched, a higher-level object (e.g.,
STAIRS) is sent to the data bus by the agent and objects are
deleted from the stack. Otherwise, the objects are popped out
of the stack and released to be interpreted by other agents.

Confidence scores are calculated on the low-level geomet-
rical rules used in the composition of higher objects such as
form, alignment, position, etc. These rules use threshold values
to decide if the stroke can be included in the symbol. If the
test fails, the agent stops its current composition and evaluates
the possibility of building a symbol using previously collected
strokes. Thus, the global confidence score of a high-level
symbol can be seen as the minimum of the set of all values
generated by low-level rules during the composition phase.
The type of a newly composed object will never be called
into question except in case of conflict with other agents. For
example, the hatches agent uses the straight-stroke (property)
and the parallel (relation) rules which are reasonably flexible
but, if the received stroke fails for one of these rules, the
composition is stopped. In the stairs symbol example, the agent
receives a hatch and an arrow. The confidence score will be
the minimum of the values returned by the predicate rules,
without re-applying the composition rules of the hatch or the
arrow objects.

Figure 2 shows some examples of sketched objects and
their interpretation by the rule-based graphical squad. Hatches
are recognized by composition of straight parallel lines, and
each line can be composed of several aligned lines. Stairs
are recognized by composition of an arrow crossing perpen-
dicularly hatches. A table is recognized by composition a
rectangle surrounded by small circles. A dimension line is
found when straight parallel lines are perpendicular to multi-
headed arrow lines, and numbers are located near the arrow
lines and between the parallel lines. Many other rule-based
graphical agents can be defined by providing a description of
their rules.
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Fig. 2. Examples of (a) sketched objects and (b) their interpretation by the
rule-based graphical squad.

It is important to stress that graphical objects are time-
stamped. This chronological information allows solving many
problems. For instance, because of the time persistance of
the drawing, symbols may seem to overlap graphically yet
they can actually be resolved by taking into account the time
information.

C. Model-based Graphical Squad

As an alternative to rule-based graphical agents, we also
propose model-based agents that happen to be very efficient for
recognizing multi-stroke isolated symbols (e.g., handwritten
characters). Unlike the rule-based approach that describes the
graphical objects to be recognized, the model-based approach
is based on models of these objects that are estimated from
training material.

Figure 3 shows a model-based graphical agent as defined in
the approach that we adopt in this work [7]. When the agent
is presented with strokes as defined by their sequence of point
coordinates, they are first preprocessed. They are centered,
normalized, resampled and finally, to reduce variations in the
manner of drawing the symbols, the strokes are redirected and
reordered in a canonical direction and order [8]. In the cur-
rent system, there is no further feature-extraction step. Other
similar approaches suggest to derive higher-level features from
the raw point coordinates. Here, the preprocessed stokes are
directly fed into a classification module that uses directly the

Fig. 3. General scheme of a model-based graphical agent (e.g., for recognition
of handwritten characters).

Fig. 4. Overall architecture of the legend and dimension recognition system

coordinates of stroke points to make its decision. The classifier
is based on the k Nearest-Neighbor rule (k-NN). The strokes
to be recognized are compared with a set of models. The k
closest models are returned. The dissimilarity measure used is
based on Dynamic Time Warping (DTW), a nonlinear curve
matching method, between the sequence of coordinates for the
test strokes and the reference strokes. The local cost between
two stroke points is their squared Euclidean distance. The
system is initialized with a set of models of symbols coming
from multiple users. The system is thus initially generic and
not adapted to a specific user. New samples of symbols coming
from a particular user can also be added to this set of models
to increase recognition performance for this particular user.
Models that are very close to each other are merged by
Learning Vector Quantization (LVQ) in order to limit their
number.

To obtain a confidence measure for a recognized symbol,
we estimate the probability P (t|d, c) that the symbol has been
correctly recognized given its distance d to the model of class
c. To do so, for each symbol class c, we keep during the
training procedure the distances obtained by a set of symbols
belonging to this class in a sorted list Lt and the ones that
do not belong to this class in a second list Lf . For a given
distance d and a given symbol class c, we can compute an
approximation to the probability:

P (t|d, c) '
k

k + |Lf ([d − l, d + l])|
(1)

where 2l is the width of the smallest interval centered at d
and containing a given number k of elements in Lt.

As an example, Figure 4 shows the various stages of
the legend and dimension recognition process. First, since
legends and dimensions may be drawn in any orientation, the
strokes are rotated to make them horizontal. The strokes are
then simultaneously segmented and recognized by the isolated
symbol recognition system. Sequences of successive strokes
are grouped. The group that generates the best recognition
score is regarded as the correct segmentation. Finally, to
improve recognition performance, the recognized word is
checked against a dictionary. If the recognized word is not
present, the closest word is chosen. Distances between strings
are measured using the Levenshtein distance (LD) [9] to allow
for substitutions, insertions and deletions of characters.

D. Model-based Vocal Squad

The interpretation of speech utterances relies on the Au-
tomatic Speech Recognition (ASR) process that is depicted
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Fig. 5. A typical ASR system: microphone, audio interface (AI), acoustic
analysis (AA), acoustic model (MA) and word decoder (DEC).

in Figure 5. It consists of four main blocks, which are all
implemented with a homebrewed software [10]. First, the
audio interface converts the acoustic wave that is measured by
a microphone into a digital speech signal. Second, the acoustic
analysis chops the speech signal into frames and computes for
each frame a set of acoustic coefficients that capture the es-
sential shape of the power spectrum. In this work, the acoustic
coefficients are obtained via the ETSI standardized algorithm
for distributed speech recognition [11]. Next, the acoustic
coefficient vectors are fed into the acoustic model. Here, the
acoustic model is based on the Multi Layer Perceptron (MLP)
/ Hidden Markov Models (HMM) paradigm [12]. Such model
has to be trained beforehand on large speech databases. The
outputs of the MLP estimate the a posteriori probabilities of
all HMM states for the acoustic coefficient vectors. Finally, the
word decoder searches the resulting probability lattice for the
most likely word sequence. To do so, every word is represented
by a HMM and authorized word sequences are defined in a
context-free grammar. The search consists in finding the model
sequence, thereby the word sequence, that best fits the acoustic
observations within the grammar. It is implemented as a one-
pass time-synchronous Viterbi algorithm with pruning [9].

The first two blocks of Figure 5 are part of the front-end
layer of the system and deliver acoustic coefficient objects
on the data bus, while the two last blocks belong to the
interpretation layers. The vocal squad consists of several ASR
agents that read the acoustic coefficient objects and infer word-
level objects. Each agent is operated for a specific task, that is,
it has its own lexicon, grammar and acoustic model, which has
been trained on specific speech material. For example, there
are ASR agents for recognizing specific words to command
the interface, numbers to mark dimensions or letters to lay
down spelled captions.

When an utterance is spoken, all the active ASR agents
produce a recognition result according to their models, and a
confidence score. Then, the negotiation module can select the
best recognition by maximizing the confidence measure across
the competing agents. This approach performs better than an
all-in-one ASR system that uses a general-purpose acoustic
model together with a complete lexicon and a global grammar
encompassing all agent lexicons and grammars, respectively.
The main reason is that the vocal squad approach allows
using specific acoustic models. For some agent, it becomes
possible to use word-based HMMs trained on specific speech
material instead of composing subword HMMs (e.g., context-
independent phonemes). Besides, the set of active agents is
dependent on the interface context what allows keeping the
search space as small as possible by turning on only required
agents, thereby reducing the risk of errors.

The confidence in the recognition result is naturally mea-
sured as the accumulated acoustic score along the decoded
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path [13], [14], that is,

Γ(W ) = Γ(sT
1
) =

1

T

T
∑

t=1

I(st)γt, (2)

γt = log

(

P (st|ot)/ max
st

P (st|ot)

)

. (3)

where sT
1

= {s1, . . . , sT } denotes the HMM state sequence
estimated by the decoder and corresponding to the recognized
sentence W , P (st|ot) stands for the a posteriori probability of
being in state st given the observed acoustic vector ot at t-th
frame and is estimated by the MLP, and the indicator function
I(·) is equal to 0 if the state st at the t-th frame is the silence
state, and 1 otherwise.

In order to improve the selection procedure among the vocal
squad, the confidence measures are further normalized. Define
Fi(γ) as the cumulative distribution function (CDF) of the
local confidence score γ for the i-th state of the acoustic
model. These functions can be estimated during the acoustic
model training procedure where the state segmentation of the
speech training database is known. The confidence measure is
now computed as the average of the cumulative distribution
function outputs Fst

(γt) instead of the local confidence scores
γt,

Γ′(W ) = Γ′(sT
1
) =

1

T

T
∑

t=1

I(st)Fst
(γt). (4)

Figure 6 shows the cumulative distribution function of the
local confidence score γ and its normalized version F (γ),
respectively, for states of two different acoustic models. We
clearly see that the functions are significantly different in the
former case, while they tend to be identical and uniform in
the latter case. Therefore, CDF outputs can be viewed as nor-
malized local confidence scores that are better candidates for
computing a more homogeneous and less sensitive confidence
measure.

In this work, phoneme-based and word-based acoustic mod-
els are trained on the BREF80 database [15] and on the
EUROM1 [16], BDSONS [17] and self-collected databases,
respectively. The former models allow designing ASR agents
for recognizing any word defined by its phonetic transcription.
The latter models are dedicated to ASR agents for recognizing
numbers or alphanumeric words. All ASR agents are speaker-
independent.



Fig. 7. Screenshot of the sketch interpretation interface.

III. DISCUSSIONS

Eventually, the system for multimodal sketch interpretation
that is described in the previous sections has been embedded
in a graphical user interface that is shown in Figure 7. The
design and the evaluation of this interface have been performed
in the framework of the Activity Theory (AT) [18]. This
user-centered development approach consists of the following
steps. First, a field of activity and applications should be
defined. Then, the actual activity of users of the field is
analyzed and initial design requirements are provided to the
interface developers. Next, the developments are performed
and evaluated against user objectives. Feedbacks are returned
to the developers for possible improvements. The last two steps
are repeated until the interface reaches sufficient performances.

Here, we are primarily interested in architectural design
and potential applications are design sketching (e.g., original
designing of a building), scale drawing (e.g., detail drawing
of a worksite including real dimension) and plan retouching
(e.g., alterations of existing plan on worksite).

The analysis of user requirements leaded to the following
conclusions. The system should be able to recognize basic
graphical objects like lines, hatches, circles, etc, as well as
as more complex objects like stairs, doors, etc. Besides, it
should be able to identify dimension lines and captions. Other
multimodal approaches to sketch interpretation [3] generally
use the different modalities in a redundant way instead of a
complementary way, that is, they assume that the user says
what he is drawing. We rather observed that the user prefer
dedicating each modality to a specific task. For instance, the
user typically pronounces dimension values but writes text
captions, and pronounces some interface commands only if
they requires more than a few pen/mouse clicks.

All these considerations were taken into account to develop
the interface and evaluation in real conditions was performed.
They showed that every squad has satisfying performances
and the interface allows already functional interpretation of
sketches.

IV. CONCLUSIONS AND FUTURE WORK

In this paper, we presented a multimodal sketch interpre-
tation system that relies on a multi-agent architecture. The
proposed system allows various input modalities and uses a
competition mechanimx between squads of dedicated agents

to interpret them. More especially, we considered two modal-
ities, namely graphical and vocal. The graphical inputs are
interpreted by either rule-based agents or model-based agents,
while the spoken inputs are interpreted by model-based vocal
agents.

Main directions for future work include improvement of
interpretation robustness (e.g., by specializing the model-based
agents to user drawing style and speech) and reinforcement
of the negotiation mechanism by defining more meaning-full
confidence scores.
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