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Using dual eye-tracking to unveil coordination 
and expertise in collaborative Tetris

The use of dual eye-tracking is investigated in a collabora tive game setting. The automatic collection 
of information about partner’s gaze will eventually serve to build adaptive interfaces. Following this 
agenda, and in order to identify stable gaze patterns, we investigate the impact of social and task 
related context upon individual gaze and action during a collaborative Tetris game. Results show 
that experts as well as novices adapt their playing style when interacting in mixed ability pairs. We 
also present machine learning results about the prediction of player’s social context. 

Eye-tracking, awareness tools, machine learning, coordina tion, expertise 

1. INTRODUCTION 

1.1 Dual eye tracking and HCI 

Dual eye-tracking (DUET) is a novel methodology 
that con sists of synchronously recording the gaze of 
two collabora tors working on a shared application. 
This approach leads to new insights about the 
collaboration processes occurring in computer 
supported collaborative work and during other 
synchronous interactions, for instance team gaming. 
This knowledge about interaction is of importance 
for the HCI community as it provides clues on 
how to design efficient interfaces to sustain fruitful 
collaboration. 
Moreover, as eye-trackers are becoming more 
reliable and cheaper, there is great chance that 
within one decade, all personal computers will be 
able to record and analyse user’s gaze. This gives 
software interaction designers the oppor tunity to use 
gaze based information to build more efficient and 
more intuitive user interfaces. This is of course also 
true for collaborative applications which could take 
advan tage of dual-gaze patterns to offer efficient 
communication facilities or to provide meaningful 
feedback about the part-ner(s) and/or about the 
collaboration in general. 
The main approach in the field of gaze sensitive 
applications consists of building mouse-replacement 
or mouse-enhancement systems [20] in which the 
gaze is used as a pointing device, either for disabled 
people or to offer more efficient pointing mechanisms. 
While this is surely a valid approach, espe cially for 
disabled people, there are some criticisms concern-
ing the use of the gaze for direct control. First, the 
eyes are a perceptive device and not a motor device 
in the sense that their primary purpose is to acquire 

information [20]. A sec ond problem is the inaccuracy 
of gaze data, mainly because of tracking errors1 
but also because of intrinsic properties of eye-
movements due to physiological constraints. 
We take a somehow different approach regarding 
the devel opment of gaze-sensitive applications. The 
central idea is to take advantage of existing patterns 
in eye-movements to provide users with task 
specific feedback. This requires the development of 
algorithms able to interpret eye-movement patterns 
and to make predictions about the user or about the 
processes in which the user is engaged in. These 
pre dictions could then be used to give higher-level 
psycholog ically meaningful feedback, or to adapt 
the interface given the current activity of the user. 
This approach is currently pioneered in the field of 
adaptive user interfaces (e.g. the Text 2.0 framework 
[1]). 
More specifically, we are interested in improving 
remote col laboration and thus, in building tools that 
give feedback about the state of the collaboration, 
such as so-called aware 
1This is especially true for remote, camera-based 
eye-trackers and such devices are the most likely 
to be used in end-user gaze sensitive applications. 
ness tools([6]) or group mirrors([8]). There are some 
tenta tive works about gaze-awareness tools to 
improve collabora tion. For example, RealTourist [12] 
allows a remote tourist consultant to see tourist’s 
gaze on a shared map while help ing remotely to 
plan a trip. Also, Brennan [3] did a study where 
two people had to solve a visual search task on re-
mote computers (e.g. subjects have to search for a 
letter O hidden in a cloud of Q letters). They showed 
that they were much faster in solving the problem 
if they could see the gaze of their partner, which 
suggests that gaze is a good clue to coordinate 
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parallel activities. Finally, various systems, such 
as Clearboard [7] or GAZE groupware ([18]) have 
been de signed to give access to collaborators to 
the gaze directions of others, similarly to a face-to-
face situation. All these sys tems rely on a simple 
technique that consists of displaying the last few 
seconds of gaze of one collaborator to the others. 
We have piloted this approach in an experiment on 
collab orative Tetris and came to the conclusion that 
even if it is not necessarily detrimental, feedback 
can be quite disturb ing because it interferes with 
the main task representation and because it is not 
always precise enough to support de ictic references. 
Finally, users are not trained to interpret minimally 
aggregated eye-movements patterns. 
The provision of higher level feedback about 
collaboration 
(e.g. about the quality of the communication) relies 
on the constitution of a computational model that can 
be used to diagnose the current state of interaction. 
Cherubini [4] has made a step in this direction by 
developing an algorithm able to predict, up to certain 
point, the occurrences of mis referencing between 
two people annotating a shared map. Another 
tentative is the REGARD system [14], which mon-
itors dual-gaze and speech in real-time in order to 
learn to associate words to objects on the screen. 
The first step in the development of intelligent gaze-
aware tools is the discovery of stable meaningful 
patterns in the gaze of two people collaborating 
remotely. Our approach is to use machine learning 
techniques to discover such patterns and to use 
them for predictions. Our work is at the fron tier of 
engineering -make reliable predictions from temporal 
signals-and cognitive science -understanding the 
relation ship between gazes and collaboration. The 
present work has both a psychological aspect about 
the relationship between gaze and collaboration 
processes, and a technology-oriented aspect about 
how gaze data may be used to feed machine learning 
algorithms in order to predict aspects of interaction. 
1.2 Research Questions 
We conducted the current study about Tetris, a well 
known arcade game where players have to place 
falling tetrominoes (also called zoids) on a stack. 
Tetris is particularly well suited for eye-tracking 
because it is a sensori-motor con trol task that does 
not require off-screen deliberations. It is therefore 
very likely that there is a strong link between eye-
movements and the cognitive processes involved 
in solving the task (see [9] for a detailed analysis). 
In the collaborative version of the Tetris game that 
we developed, two players share the game field and 
each controls their own zoid. One player’s zoids 
appear on the left side and the other’s appear on the 
right side of the game field. 
The first question concerns the effect of collaborating 
with another player. More specifically we are 

interested in the social context, namely to investigate 
how the play with a more or less expert player 
influences behavior. Previous re search has shown 
that experts and novices do not look the same way 
at the game [16]. Experts produce more lateral gaze 
sequences than novices while there are no difference 
between novices and experts with regards to vertical 
scan path, or fixation durations. Do experts adapt 
their behav ior when interacting with novices? Do 
novices copy experts’ performance and adopt a more 
expert way of looking at the game? Beyond Tetris, 
the interaction of collaborators with different levels of 
expertise is of a particular interest as it is known to 
play an important role when learning through social 
interactions ([19]). Learning is indeed facilitated by 
the presence of a more expert peer or parent who is 
able to guide the discovery of new concepts. 
The second question concerns the coordination of 
collabo rative activity. The benefits of collaboration 
(distributing cognitive load, combining areas of 
expertise, etc.) come at the cost of coordination. In 
Tetris, playing together gives rise to situations where 
the players have to coordinate their moves, either 
because players want to place their zoid on the other 
players’ side, or because they are in competition 
for the best position available on the stack. How 
are players handling coordination? Is it possible 
to distinguish coordi nation from task completion 
activities? How can we use the response to these 
questions to design gaze aware tools that facilitate 
coordination? 
The third question asks whether the differences 
found in gaze and actions data between various 
expertise roles may be used to actually predict 
the roles of the players. In this respect, we want to 
compare the predictive power of different machine 
learning techniques and of using different features, 
such as only actions, only gazes or a combination 
of both. 

2. METHOD 

2.1 Task Description 

We implemented a multiplayer, collaborative, 
version of the classical Tetris game. In this version, 
two pieces fall at the same time in the same game 
area, one on each side of the area. Each player can 
control one of the two pieces (either the left piece 
or the right piece) and they can execute the usual 
Tetris movements: left or right translations, rotations, 
down accelerations and drop. Of course, the game 
prevents collisions between the two pieces, thus 
producing novel sit uations compared to the original 
game. For example, if a player drops a zoid while the 
second player has its zoid right below, the drop of 
the first player’s zoid will be stopped just above the 
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blocking zoid. Note that, like in the given exam ple, 
the two pieces do not necessarily fall synchronously 
as some players may play their zoids faster than 
their partner. The game is collaborative and thus, 
both players share the same score independently of 
who plays what. 
2.2 Procedure 
The subjects played on two computers placed side 
by side and separated by a shelf in order to prevent 
them to look at each other. However, they could 
freely talk to each other. 
We recorded eye-movements of both players using 
two To bii 1750 eye-trackers. All actions (translations, 
rotations, 

Figure 1: Screenshot of the collaborative version of 
Tetris. 

etc..) and game state changes (game stack 
variations, scores, pieces position, etc...) were 
also logged by the Tetris pro gram. All these data 
(eye-movements and Tetris actions and states) 
were recorded on a separate computer in order to 
synchronize the timestamps of the two eye-trackers 
along with the timestamps of the Tetris application. 
Subjects first played normal Tetris game individually 
in a training phase for 5 minutes. The score from 
this train ing phase was used to determine the level 
of expertise of the player. Then, they played in pairs 
for 10 minutes in a collaborative training phase and 
finally, they played again together for 15 minutes for 
collaborative testing phase. 

2.3 Social context 

We split the players into novices and experts 
by a quar tile cut of the subjects’ score during the 
individual training phase. The 25% lowest scoring 
players were assigned to the novice (N) group and 
the 25% highest scoring to the expert 
(E) group. In other terms, we have one group 
composed of the 25% worst players and one group 
with the 25% best players. 
The social context is the combination of the players’ 
level along with their partner’s level. The four 
possible combi nations are NN for a novice playing 

with another novice, NE for a novice playing with 
an expert, EN for an expert playing with a novice, 
and EE for an expert playing with another expert. 
Out of the 2829 zoids that we analysed, 744 (26%) 
were played in EE pairs, 788 (28% EN) plus 655 
(23% NE) were played in mixed ability pairs, and 
642 (23%) were played in NN pairs. 

2.4 Game context 

The game context represents the state of the 
game during the playing of one specific zoid. Two 
variables are particu larly interesting with regard to 
our second question as they identify situations that 
require active coordination by the players. 

• Conflict 

Figure 2: Schema depicting Tetris complex 
action features. This is an example of a possible 
trajectory for a zoid. 

This is a score between 0 and 1 assessing how 
much the two players have to place their zoid 
at the same place. Conflict is computed in two 
steps. First, we computed the number of best 
fit positions for each player, a best fit position 
being defined as a position in which the zoid can 
placed without leaving a hole below it. Secondly, 
we computed the number of common best fit 
positions by comparing the best fit positions of 
the two players. Finally, we applied the following 
formula to compute the conflict level of one 
player: 

conflict =(1 − self/15) + (common/self) (1) 

where self is the number of best fit positions for 
the player and common is the number of positions 
which are best fits for both players. Note that the 
constant value 15 corresponds the horizontal 
number of cells in the grid. Thus, conflict value 
will be high if the player has few best fit positions 
and/or if her best fits are the same than the ones 
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of her partner. It is also important to note that 
this score is not symmetric as it depends on the 
number of best fits of the concerned player which 
can be potentially different than for her partner. 

• Crossing 

This is a simple boolean value indicating if a 
crossing between the two players (for example, 
the left player going on the right side of her 
partner) occurred. Thus, it allows to identify 
episodes which required a certain amount of 
coordination between the two players. 

2.5 Features 

2.5.1 Actions 
In addition to the simple players actions counts, 
we defined several more advanced features which 
represent the gaming style more accurately. These 
features are defined below and the most complex 
ones are summarized on Figure 2. 

• Rotations, translations, drops, downs 

These are simple counts of the five Tetris 
actions that players can perform. Left and right 
translations have been grouped together under 
the name translations as there were no reason to 
distinguish between them. 

• Horizontal direct trajectory and horizontal total 
trajec tory 

These features describe the trajectory of the 
zoid on the horizontal axis. The horizontal direct 
trajectory is simply the horizontal distance 
between the zoid initial position and its destination, 
while the horizontal total trajectory represents the 
horizontal distance actually travelled by the zoid 
(see figure 2, direct trajectory is 6 cells and total 
trajectory is 16 cells) 

• Horizontal directness 

This feature represents how direct the horizontal 
posi tioning of the zoid is. In other terms, it 
measures how many superfluous horizontal 
translations the players did. It is computed by 
dividing the horizontal direct trajectory by the 
horizontal total trajectory.Thus, it is the proportion 
of the total (actual) trajectory which was really 
useful in order to place the zoid in its final position. 
In the example of the figure 2, the horizontal 
directness is 6/16 = 0.375) 

• Vertical trajectory and vertical actions trajectory 

These are the vertical counterparts of the horizon-
tal trajectories defined above. However, things 
are slightly different because vertical moves occur 

also au tomatically (zoids fall down if the player 
does noth ing). Moreover, it is not possible to go 
upward thus preventing any superfluous vertical 
moves. We have defined the vertical trajectory in 
the same way than the horizontal direct trajectory 
: it is the vertical dis tance between the zoid initial 
and final positions. The vertical actions trajectory 
represents the vertical dis tance travelled by 
doing down actions(accelerations) or by dropping 
the zoid (see figure 2, trajectory is 11 cells and 
actions trajectory is 5 cells) 

• Vertical acceleration 

This is somewhat similar to the horizontal 
directness but for the vertical movements. Here, 
we have com puted the ratio of the vertical actions 
trajectory over the vertical trajectory. Thus, it is 
the proportion of the vertical distance travelled 
by doing accelerations (downs or drop), the 
complement of this value being the ratio of the 
direct vertical distance travelled by au tomatic 
vertical movements. In figure 2, the vertical 
acceleration is 5/11 = 0.454545 

2.5.2 Gaze 
Gaze variables aim to describe mainly where the 
players were looking at and more generally, some 
characteristics of their eye-movements. 

• Hit on self, other and contour 

These three gaze variables are the ratio of the 
total fixation time spent looking at the three main 
objects of interest which are the player self ’s 
zoid, the other player’s zoid and the contour of 
the game stack (See figure 3). 

Figure 3: Schema depicting Tetris areas of inter est. The 
light-gray areas shows the tolerance zone to consider a 

fixation as a hit on the corresponding area. 

• Average fixation duration, average saccade 
length, ratio of horizontal and vertical saccades 

Average fixation duration and average saccade 
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length are simple usual characteristics of the eye-
movements. The ratios of horizontal and vertical 
saccades are the proportion of saccades being 
horizontal or vertical with tolerance of 20 degrees. 

3. RESULTS 

3.1 Descriptive statistics 

The dataset contains a total of 2829 zoids played by 
28 in dividuals. In this section we report descriptive 
statistics as well as statistical tests that illustrate the 
effect of different contextual variables on gaze and 
action features. Action fea tures include rotations, 
vertical acceleration and horizontal directness. Gaze 
features include the ratio of time spent by the players 
fixating on the contour, on their own zoid or on their 
partner’s zoid. 

3.1.1 Social context 
We fitted a series of linear mixed effect models to 
assess whether the social context influences action 
and gaze fea tures (see table 1). Only two variables 
differ significantly among the four categories: 
Vertical acceleration is key in Tetris. Rather than wait-
ing until zoids fall down, expert players accelerate 
the game by downs and drops. Figure 4 shows 
that verti cal acceleration is featured by EE and EN 
players to a similar extent. It is especially interesting 
to see the NE players accelerate the game more 
than NN players under the influence of their more 
expert partner. This is either due to direct tutoring 
(‘e.g. ‘drop it now”) or simply to imitation by the 
novice. 
Gaze on self is strongest for NN players. From 
figure 5 we see that novice players change the 
way they look at the game when interacting with 
experts. Indeed, NE players look at own zoid 
less than NN players (and spend the time looking 
more at the contour). We also see that, while the 
overall time ratio spent on other’s zoids is very 
small, EN experts spend more time than any 
other players looking at their novice partner’s zoid.  

Figure 4: Action features. 

Figure 5: Time ratio spent fixating on the contour, self and 
other. 

Table 1: Effect of social context on action and gaze 
features. All F-tests performed with 1 and 11 de grees of 

freedom. Numbers represent means.  
 

3.1.2 Game context 
Many different situations arise during the game. We 
iden tified two variables which allow us to contrast 
behavioral measures: conflict and crossings. Both 
variables have a so cial aspect: conflict results in 
players having the same goal (potentially leading 
to a competitive situation) and crossing results in 
players having to coordinate their actions to reach 
different goals. 
A binary conflict level was defined by a median cut, 
with values of conflict above 0.23 corresponding 
to high conflict and values below the median 
corresponding to low conflict. We fitted a series of 
linear mixed effect models to assess the influence 
of conflict on the action and gaze features (see table 
2). It appears that in case of conflict subjects play 
slower and do more translations moves. They also 
focus relatively more on the contour, less on their 
own zoid or their partner’s zoid. 

Table 2: Effect of conflict on action and gaze fea tures. All 
F-tests performed with 1 and 2871 de grees of freedom. 

Numbers represent means. 

Crossing happened during the play of 430 zoids 
(15%). This indicates that this phenomenon is rather 
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rare and that play ers mostly stay on their side of the 
playing field. The pro portion of zoids played with 
crossing is slightly higher (17%) in mixed ability 
pairs (NE and EN) than in homegeneous pairs (12% 
in EE and NN). We conducted a series of linear 
mixed effect analyses of variance to investigate the 
effect of crossing on the action and gaze features 
(see table 3). While crossing, players rotate their 
zoid more often, verti cally accelerate less, and 
make more horizontal moves. The coordination that 
is required when crossing zoids also im pacts the 
fixation targets, as players fixate slightly less on the 
contour and slightly more on their partner’s zoid. 

Table 3: Effect of crossing on action and gaze fea-
tures. All F-tests performed with 1 and 2871 degrees of 

freedom. Numbers represent means. 

3.2 Principal Component Analysis 

We conducted a Principal Component Analysis (PCA) 
to further investigate the structure of behavioral 
variables. The analysis included five gaze related 
variables as well as three action related features. 
We retain two dimensions with eigenvalues higher 
than 1 for the presentation of the results. The first 
dimension accounts for 23% of the total variance, 
the second dimension accounts 

Figure 6: Correlation circle for the two first dimen stions. 
The arrows represent the correlation be tween original 

variables and the dimensions of the PCA. 

for 20%. The correlations between the initial 
variables and the orthogonal dimensions of the 
PCA are represented in figure 6. The correlational 
structure uncovers two rather independent aspects 
of the behavior. We use the mapping of contextual 
variables onto the two components to guide the 
interpretation of the dimensions (see figure 7). Along 
with contextual variables, we represent the seven 
different zoid types (L, J, S, Z, I, O and T). 

3.2.1 Dimension 1: zoid control versus solution 
search Two gaze features are strongly correlated 
with the first di mension. It represents the opposition 
between fixations on the players’ own zoid (self) and 
fixations on the contour. The players fixate their own 
zoid when it first appears as well as when they “drive” 
it through rotations and translations down towards its 
final position. They fixate the contour to search for 
a “good” spot to places their zoid, as is suggested 
by the correlation of the ratio of horizontal saccades 
with the dimension. In figure 7, this dimension 
opposes novices (NN) and experts (EN and EE). 
Interestingly, NE players are situated to the left of 
NN players, indicating that when novices play along 
with an expert, they fixate their own zoid less than 
when they play with another novice. The contrast 
between high and low conflict is also represented on 
this di mension. Conflictual situations are solved by 
a more intense search for solutions on the contour. 
Finally, the zoids which are most fixated are L, J and 
T, the ones with the most pos sible orientations and 
hence the most rotations performed. 

3.2.2 Dimension 2: speed versus coordination 
Vertical acceleration has the strongest correlation 
with the second dimension. Horizontal directness 
also correlates pos itively with the dimension, 
indicating that few superfluous translations are done. 
Rotations and fixations on the part-

Figure 7: Centroids of the supplementary categori val 
variables. 
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ner’s zoid correlate negatively with the dimension, 
indicating a slower pace of play. In figure 7 experts 
(EE and EN) are positioned higher on this dimension 
than novices (NN and NE), although it appears 
that EN experts slow down be cause they play 
with novices. The opposition between zoids with 
crossing and without crossing is most striking on this 
dimension and lends it the coordination flavour. We 
see that when players are crossing their zoids, the 
speed is lowered, and the fixations are higher on 
the partner’s zoid. Finally, we see that I and O zoids 
are played the fastest whereas the L, J and T zoids 
appear lower on the dimension, mostly because of 
the time it takes to rotate them. 

3.3 Automatic recognition of pair composition 

We experimented with the prediction of the 
roles of the player and their contexts using both 
generative Gaussian Mixture Model (GMM) [2] and 
discriminative Support Vec tor Machines (SVM) [5]. 
GMM is a parametric probabil ity density estimation 
technique which has been successfully used to 
deal with the speaker verification [13] and speaker 
recognition [11]. For a feature vector x, the mixture 
density is represented by the form 

 (2) 

where N(x; µk,Σk) is the kth unimodal Gaussian 
density with mean vectors µk and covariance 
matrices Σk, and wk is the corresponding 
mixture weight. The GMM parameter set  
Θ= {wk,µk,Σk} K  

k=1  is estimated over the all the fea ture 
vectors of the training examples. Here K denotes the 
number of the Gaussian mixtures. 
In our experiments, each social context category 
(i.e. NN, NE, EN, and EE) is represented by such a 
GMM and is referred to as modelΘc, c =1,...,C. Here 
C denotes the number of social context categories. 
For a test vector xi, the c-th GMM likelihood which 
can be written in the log domain can be calculated as 

 (3) 

This calculation is performed across the C GMMs, 
and the one providing the largest log likelihood is 
found as the rec ognized social context class. 
SVM belongs to the class of maximum margin 
based dis criminative classifiers. They perform 
pattern recognition between two classes by finding 
a decision surface that has maximum distance to the 
closest points in the training set which are termed as 
support vectors. In our case, given a training set of 
examples xj, j =1,2,...,N with the labels yj and a new 
test vector xi,the decision value of a SVM has the 
form: 

 (4)

where the coefficients αj and bare the solutions of 
a quadratic programming problem [17] using the 
training data. Those training examples with αj  
= 0 are identified as support vec tors. K(xi,xj) is the 
kernel function that can provide SVM with non-linear 
abilities. In our experiments, the radial ba sic function 
kernel are used: 

(5) 

are used. SVM classifier utilizes the kernel trick [15] to 
find a linear separating hyperplane in a transformed, 
arbitrarily high-dimensional space, which is capable 
of capturing non linearities in the evidence space. 
For support vector ma chines are originally binary 
classifiers, Max-win strategy is used in our work for 
multi-class recognition. In our studies the penalty 
parameter C and γ in Eq. (5) is set experimen tally. 

 
Table 4: Recognition results using different fea tures 

in terms of correct recognition rate (CRR) and Kappa 
coefficient (the higher the better). 

In our experiments, action-based features, gaze-
based fea tures, and their combination are used for 
the recognition of social context. The whole data for 
each social context group is divided by five folds, 
and five-fold cross valida tion are adopted for our 
evaluation. 
Table 4 summarizes the recognition performance 
using different classifiers and different feature sets, 
in terms of correct recognition rate (CRR) and Kappa 
coefficient. It is shown that gaze-based feature set 
performs better than action-based feature set. This 
demonstrates that gaze-based features are more 
impor tant for classifying different social contexts. 
Combining the two feature set significantly improves 
the recognition per formance, which shows that 
the information from the two feature sets are 
complementary. It can be also found that SVM 
performs better than GMM. This might be explained 
by the fact that SVM is a more discriminative model 
than GMM which is based on the estimation of the 
probability density function (pdf) statistically2 . 

4. DISCUSSION 

Results show that players adapt their behavior to the 
social context of interaction. A possible explanation is 
that experts tutor novices by telling them where and 
how to place their zoid on the stack, thereby showing 
the novices the tricks of the trade. As a consequence, 
they play slower and monitor their partner’s zoid 
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more than if they interacted with an other expert. In 
parallel, novices who interact with experts look less 
at their own zoid and monitor the contour more than if 
they interacted with novices. Dialogue between play-
ers contain many coordination episodes (e.g. “move 
away!”), explicit evaluations of actions (e.g. “well 
done”) as well as strategic decisions on occasion 
(“We should make four lines at the time”). Explicit 
tutoring often takes the form of ad vice (e.g. “put your 
piece here”). However, not all pairs cor respond to 
this somewhat idealized image of a tutor helping 
out a novice. In several cases, players remained 
silent dur ing the whole game. In addition, tutoring 
is not limited to mixed ability pairs, so that we can’t 
simply equate tutor ing and expert-novice interaction. 
A closer analysis of audio transcripts may shed 
more light on the inner workings of interaction and 
allow us to refine the analysis of what char acterizes 
successful tutoring episodes in all social contexts. 
Our study presents several limitations. High and 
low abil ity players were considered as novices and 
experts. This definition of expertise is somewhat 
arbitrary and depends on the ability of the student 
population the subjects were drawn from. We did 
not collect indicators about learning in this study. 
It takes of course longer than half an hour to train 
someone to be an expert Tetris player. Hence, we 
observed tutoring interactions but cannot measure 
whether they led to sustainable and positive learning 
effects. Finally, our results and overall approach 
were obtained with a rather simple perceptual-motor 
game. We are eventually aiming at more deliberative 
activities, for example pair programming. 
Beyond Tetris, our results suggest that it is feasible 
to link behavioral features with attributes of social 
interaction. This is particularly interesting for the 
design of systems in the field of computer supported 
collaborative learning (CSCL). In the model of 
computer support for interaction regulation that we 
proposed [8], the provision of feedback to the collab-
orators relies ont the diagnosis (by a computer 
or a human coach) of a computational model of 
interaction. The use of gaze features appears to be 
a promising option to enrich the automatic collection 
of indicators about collaborative learn ing. 
The results of the Principal Component Analysis that 
we conducted suggest that playing collaborative 
Tetris consists of two concurrent activities: playing 
the game and collab orating. The first dimension 
represents gaze features re lated to the resolution of 
the basic Tetris task (analysing 
2In order to achieve accurate pdf estimation, 
generally large amount of training data is needed. 
the contour and controlling the zoid) while the second 
di mension represents the cost of coordinating zoid 
movements that could result in collisions (slowing 
down and observing the partner’s zoid). We have 
seen that the responses of the players to crossings 
and conflicts are different. Play ers handle crossings 

by monitoring their partner’s zoid and avoiding each 
other whereas conflict is rather solved by ex ploring 
the contour for alternative positions. The game 
field was large enough for players to play side-by-
side most of the time and only occasionally have 
to coordinate actions and plans. The imbalance 
between individual instrumen tal actions and socially 
oriented actions is common to many multiplayer 
games where coordination is only occasionally 
required [10] between players. 
Beyond Tetris, our results suggest that it could be 
possible to detect coordination episodes based on 
gaze features. The signature for explicit coordination 
seems to be increased vi sual attention to the partner’s 
objects. The visual structure of collaborative Tetris is 
particularly well suited to measure behavioral cues 
that reflect either individual or coordination actions. 
In other situations, for example a shared text editor 
or a shared concept mapping tool, it might be more 
difficult to directly link fixations on areas of interest 
with the un derlying dimension of ownership. We 
have observed that in situations like collaborative 
concept mapping collaborators develop a sense of 
ownership for the concepts they created, and rarely 
delete or modify concepts created by their part ners. 
More work is required to deepen our understanding 
of the links between gaze, coordination and division 
of labor in a group. 
An obvious application of the dual eye-tracking 
methodology is to build awareness tools that 
display the partners’ gaze upon request to support 
referential communication. Play ers simply press a 
key to display their gaze while verbally signalling a 
deictic reference (e.g. saying “here”). As a re sponse, 
the system could display whether their partner looks 
at the place they are referring to. The possibility to 
com putationally predict the social context (and quite 
probably the task related context as well) of the 
players allows to en visage the design of adaptive 
gaze awareness tools. For ex ample, the system 
could display the position referred to by the expert 
as a zoid superimposed on the contour in the op timal 
orientation, thereby lightening the mental load of the 
novice. With an expert partner, the same reference 
would be signaled more simply by a simple visual 
marker. 
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