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One-sentence summary 

“Mental abacus” users—who do mental arithmetic by moving the beads on an imagined 

abacus—are able to use their visual system to perform exact computations, suggesting 

that language is not necessary for the representation of exact number. 

 

Abstract 

The ability to perform exact numerical computations is a fundamental building block of 

modern human culture. Recent proposals suggest that language is necessary for 

representing exact number and thus that no other cognitive system can support exact 

computations. To test this hypothesis, we investigated a group of children who have 

learned to perform exact computations using a mental representation of an abacus. We 

show that the mental abacus technique uses pre-existing visual capacities to create 

exact numerical representations, and that these representations are only minimally 

disrupted by manual and linguistic interference. We conclude that language is not 

necessary for performing exact numerical computations.  
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Visualizing exact numerical computation without language 

Human adults, unlike other animals, have the capacity to perform exact 

numerical computations. Although other creatures are sensitive to precise differences 

between small quantities and can represent the approximate magnitude of large sets, 

no non-human species can represent and manipulate large, exact numerosities (1). Two 

forms of evidence suggest that natural language may support this uniquely human 

capacity. First, evidence from developmental psychology indicates that learning a 

linguistic count list (e.g., one, two, three, etc.) always precedes conceptual 

understanding of exact number (2-4). Second, indigenous groups with little or no 

numerical vocabulary are unable to represent the exact magnitudes of large sets (5-7). 

This evidence suggests that human language may be necessary for representing exact 

number (8-10). To test this claim, we investigated “mental abacus,” a system of exact 

mental arithmetic.  

The abacus is a physical device that has been used in Asia since at least 1200 

AD for rapid and precise calculation (11). It represents exact quantities via the 

arrangement of beads into columns (Fig. 1a), where each column represents a place 

value that increases in value from right to left (ones, tens, hundreds, etc.). On a 

Japanese Soroban abacus, each column is divided into two levels separated by a 

horizontal beam. On the bottom are four “earthly” beads and on top is one “heavenly” 

bead, whose value is five times greater than the individual earthly beads below. Moving 

beads towards the dividing beam places the beads into “play” thereby making them 

count towards the total number represented.  
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Users of a “mental abacus” (MA) are trained to visualize an abacus and to move 

mental images of beads in order to carry out addition, subtraction, multiplication, and 

division, all with astonishing speed (for examples of mental and physical abacus use, 

see movies S1 and S2 here). Errors in computation suggest that the structure of this 

mental representation mirrors that of the physical device. MA users are more likely to 

confuse the number of digits in a sum than non-MA users (because they occasionally 

drop an entire column) and more likely to make calculation errors involving quantities of 

5 (due to misrepresentation of a heavenly bead) (12). Previous studies have speculated 

that MA representations rely on visuo-spatial mechanisms and that MA computations 

are independent of language (12-15), but there is relatively little evidence for either 

claim. 

Two distinct systems have been implicated in non-linguistic numerical 

processing. First, humans have the capacity to represent up to three or four individual 

objects in parallel in visuo-spatial working memory (1, 16-18). Second, we can 

represent the approximate cardinality of sets using the approximate number system 

(where error in estimation is proportional to the size of the set being evaluated) (1, 19, 

20). Since representing a number like 49 on a mental abacus requires tracking the 

precise locations of exactly nine beads in parallel, it would appear that neither of these 

non-linguistic systems could alone represent the structure of a mental abacus.  
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 Recent studies, however, suggest a mechanism by which these two existing 

system might be combined to overcome their individual limits. According to these 

reports, adults can compute up to three or four cardinality estimates in parallel – e.g., 

simultaneously representing the number of red, green, and blue dots in an array. These 

studies suggest that each set is organized into a separate working memory “model” with 

a limit of three to four models (21, 22). Thus, participants may combine visual working 

Figure 1. (a) A Japanese Soroban abacus of the type used by our participants. The 
right-most nine rows show the number 123,456,789. (b) The proposed structure of a 
mental abacus representation for the quantity 49. 
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memory with approximate number to generate parallel numerical estimates for several 

sets at once. 

Our hypothesis is that MA technique exploits these parallel visual 

representations, permitting the exact representation of large sets independent of 

language (Fig. 1). On this view, each column of the abacus is represented as a 

separate model in visual working memory, leading to a limit of 3 – 4 columns 

(Experiment 1). Both the quantity and the position of the beads is determined for each 

column separately. Since these columns have a maximum of 5 items, they can be 

represented with high precision, leading to faster reaction times and lower error rates for 

abacus reading relative to estimation of a single quantity (Experiment 2). These 

representations do not directly depend on linguistic or manual resources, allowing MA 

computations to be performed even under concurrent verbal and manual interference 

(Experiment 3). By assigning the columns of an abacus place values, MA users can 

represent large exact numerosities using purely visual representations. Thus, contrary 

to a number of recent proposals (8-10), we propose that language is not unique in its 

ability to represent exact number. 

Participants were 346 children in Gujarat Province, India, who were enrolled in 

an intensive 3-year mental abacus training program. To verify their level of competence 

using abacus, all participants completed a pencil-and-paper addition test in which they 

were asked to perform 20 addition problems with a physical abacus (adding a column of 
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8-12 numbers of either two or three digits, e.g. 

! 

278

596

312

110

214

798

765

934

777

+153

) and 20 comparable problems 

using mental abacus technique. Mean percent correct was 79.4% for physical and 

47.6% for mental abacus and mean time per item was 24.6 and 17.1 seconds 

respectively. Mental abacus was faster and less accurate than physical abacus, but 

there was not a significant tradeoff between speed and accuracy for either technique 

(Fig. S1).  

 

Experiment 1: Limits on the number of mental abacus columns 

If each column on a mental abacus is represented as a model in visual working 

memory, MA computations should be limited by the number of columns they implicate, 

not by the total number of beads across all columns. We tested this prediction using a 

task in which participants were asked to sum pairs of vertically-aligned addends (e.g. 

! 

278

+596
 ). The addends were presented simultaneously on a computer screen until the 

participant typed an answer, up to a maximum of 10s. The number of digits in the 

addends was adaptive: following two correct answers, the number digits increased; 

following one incorrect answer the number of addends decreased. 
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Performance was better fit by the number of columns involved in the computation 

than by the corresponding number of beads (Fig. 2a, p = .0001). When we fit a 

regression model with both columns and beads as predictors, number of columns was 

Fig. 2. MA participants’ probability of correct response for (a) Experiment 1 and (b) 
Experiment 2. Left-hand panels show probability of a correct response plotted by the 
number of beads in the display; right-hand panels show the same probability plotted 
by the number of columns in the display. Colors in all panels denote the number of 
columns in a display.!
!
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highly significant (p < .0001) while beads was not (p = .21). Thus, MA computations 

share the same signature of visual working-memory representations found by previous 

investigations (17, 18, 21-23).  

 

Experiment 2: Advantage for abacus-reading relative to estimation  

The next experiment tested two additional predictions of our hypothesis by 

comparing abacus “reading” (reporting the cardinality represented on an abacus) to 

estimation tasks in which participants reported the quantity of beads in a variety of 

different displays. First, we predicted that, like addition, abacus-reading should be 

limited by the number of columns in a display. Second, if the cardinality represented by 

an abacus is determined by estimating the quantity of each column in parallel, error 

rates should be lower in abacus reading than in estimation (24) and reaction times 

should be faster than in estimation.  

Participants were presented schematic images of an abacus (flashcards) for 

500ms on a computer screen and were asked to report the cardinality represented by 

the abacus using a numeric keypad. The task was adaptive in the number of abacus 

columns in the pictured quantity: if participants gave a correct answer on two 

consecutive trials, an extra column was added to the next trial; if they were incorrect on 

one trial, a column was subtracted.  
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 Each participant also performed one of five estimation tasks. In each task, 

participants simply reported the number of dots on the screen. Dot arrays for these 

estimation conditions varied with respect to their resemblance to a physical abacus, 

allowing us to probe whether specific structures of the abacus facilitate numerical 

processing, including identical abacus images, mirror rotated abacus images, dots in an 

abacus configuration, tightly jittered dot arrays, and random dot arrays. The abacus 

flashcard task and estimation tasks were counterbalanced for order, and each 

 
Fig. 3. (a) Displays used in Experiment 2. The bounding color represents the color of 
the dots and regression lines in b-c. (b) Probability of a correct response plotted by 
the number of abacus beads in the correct response for flashcard tasks. Size of dots 
reflects the proportion of participants with a given mean performance; lines reflect 
best-fit logistic curves for a mixed logistic regression model. (c) Log reaction time for 
the same set of conditions. Regression lines are for a mixed linear regression model.  
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estimation task was adaptive according to the same distribution of trials as the abacus 

flashcard task (example stimuli pictured in Fig. 3a). 

Both predictions were confirmed. First, consistent with the results of Experiment 

1, we found that abacus reading accuracy was best predicted by the number of columns 

on the abacus, not the total number of beads (Fig. 2b). Second, although there was 

some gain in accuracy for the spatially grouped, rectilinear conditions, abacus reading 

exhibited greater accuracy than any of the five estimation tasks (p < .0001 for all 

comparisons, Fig. 3b). In addition, abacus reading was faster than estimation: reaction 

time for abacus reading grew more slowly as a function of the number of beads in the 

display than for any of the other tasks (p < .0001 for all comparisons, Fig. 3c).  

 

Experiment 3: Effects of language interference on mental abacus 

Our final experiment asked whether MA computations are indeed independent of 

language. Fifteen advanced MA users and a control group of American college 

undergraduates were presented with an addition task in which they were asked to sum 

a set of vertically-aligned two-digit addends (e.g 

! 

33

71

92

+17

). Addends were presented 

simultaneously on a computer screen for 10s. As in the previous experiments, the 

paradigm was adaptive: following two correct answers, the number of addends 

increased by one (to a maximum of eight); following one incorrect answer the number of 

addends decreased by one.  



Visualizing exactness 12 

Each participant received four five-minute blocks of trials. In the No-Interference 

block type, sums were computed as in Experiment 2. In the Verbal-Interference block, 

participants were asked to listen to and repeat a children’s story recorded by a trilingual 

teacher in the language of their choice (English, Hindi, or Gujarati). During the Manual-

Interference block, participants were asked to drum their fingers on the table. This 

method was included since children frequently use manual gestures when performing 

computations. The last block combined simultaneous manual and verbal interference. 

The MA group was extremely proficient at the addition task compared to the 

control population (Fig. 4, also see Fig. S2 and Supplementary Movies S3-S5). The 

different interference tasks also had differential effects on the two groups. Although 

 
Fig. 4. Results of Experiment 3. The probability of a correct response in an adaptive 
addition task with an increasing number of two-digit addends is plotted by the type of 
interference and the number of addends for (a) MA users and (b) controls. Size of 
dots reflects the proportion of participants with a given mean performance; lines 
reflect the best-fit curves for a mixed logistic regression model, with colors showing 
the different interference conditions.  

 

!
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manual interference had a modest effect on MA users, its effect did not differ from that 

of verbal shadowing. In contrast, control participants were disproportionately affected by 

verbal shadowing, and were completely unaffected by manual interference. An analysis 

of shadowing fluency revealed that participants were not simply trading off the two tasks 

(Fig. S3). In addition, when asked during debriefing interviews how they did the task, 

children frequently reported visualizing an abacus, and moving the beads in their 

imagination (see Supplementary Movie S6).  

 

Conclusions 

Our research suggests that exact numerical computations can be performed 

without language via parallel visual processing of sets. Using previously attested 

cognitive mechanisms, the mental abacus organizes beads into columns, assigns each 

column a place value, and thereby represents large exact cardinalities without 

language.  

These experiments also suggest a reason why MA training evolved from the use 

of the Soroban abacus, rather than from alternative counting board systems: with eight 

or nine beads in a column rather than five, an abacus would be far more difficult to 

represent in visual short-term memory with the accuracy necessary to carry out exact 

computations. In fact, almost every previous form of abacus – from Babylon to Rome to 

China – has used a similar chunking of beads into small sets. Even devices with ten 

beads per row, like the Russian schoty, make use of grouping cues like color (11), 

allowing users to chunk beads into sets of 4-5 objects (21). Thus, rather than creating a 

new representation de novo as in other cases of expertise (25), the Soroban-based MA 
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technique makes use of pre-existing visual representations to create a set of practices 

for representing exact quantities with minimal loss of fidelity. 

Our data suggest that language is not the only way to define a mental 

representation of exact number. While language provides one mechanism for storing 

and manipulating exact numerical representations, visual resources provide a robust 

alternative substrate. For certain tasks like rapid addition, visuo-spatial computations 

may even be more powerful than equivalent linguistic processes. More generally, the 

data presented here support the thesis that human language is one tool among several 

that support advanced cognitive processes in humans (5, 26-28). As a symbolic system, 

language is a powerful resource for reifying and manipulating abstract concepts. 

However, despite its unique expressive power and flexibility, language is not alone in its 

capacity to combine representations to create new cognitive resources.  
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Supporting Online Material 

Supplementary Methods 

Participants 

 All MA participants were children enrolled in UCMAS franchise schools in Gujarat 

Province, India. Participants were chosen for inclusion in the initial subject pool on the 

basis of A) their completion of level 4 UCMAS training (which includes approximately a 

year of physical abacus training and an introduction to the mental abacus method), B) 

their ability to travel to the test site in Vadodara, and C) their instructor’s judgment that 

they were among the best students in their particular cohort.  

General Experimental Methods 

All stimuli for all experiments were presented on Macintosh laptops using Matlab 

R2008a with Psychtoolbox as the stimulus delivery software, and responses were 

entered on USB numeric keypads. Instructions were given by a speaker fluent in Hindi, 

English, and Gujarati (depending on the child’s preference) and illustrated with 

examples until the child indicated that they understood the task and had successfully 

answered several trials.  

Experiment 1 

 The 51 participants in Experiment 1 had a mean age of 11.2 years, with a range 

of 7.2 – 16.3 years. Stimuli were sampled via a uniform draw conditioned on the number 

of abacus columns in the resulting representation (e.g., for a 3-column trial, the value 

would be drawn uniformly from the range 100-999). Participants received feedback 

about their answers. If participants did not answer within the 10s time limit, they saw a 

message indicating that they were out of time. The task lasted a total of 5 minutes, and 
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participants completed an average of 31.7 trials (min = 31, max = 43). The relatively 

constant number of trials was due to the quick adaptation of the task to the 3 – 4 column 

range (within which participants had a very difficult time solving the problems). 

Experiment 2 

The 133 participants in Experiment 2 had a mean age of 11.2 years, with a range 

of 6.8 – 15.0 years. All participants were familiar with the abacus reading task from their 

training. All stimuli for all conditions (abacus flashcards and enumeration tasks) were 

sampled from the same distribution as in Experiment 1. These values were then 

converted to an abacus representation. Participants were tested with one of five sets of 

estimation stimuli: (1) Identical: abacus flashcards identical to those used in the reading 

task (N=24), (2) Rotated: mirror images of abacus flashcards rotated 90 degrees 

(N=24), (3) Configural: abacus flashcards with the beam and rod structures removed but 

the configuration of beads preserved (N=36), (4) Jittered: random dot arrays jittered 

within the bounding box space that the beads in the corresponding abacus flashcard 

would have occupied plus a small constant (N=25), or (5) Random: random dot arrays 

(N=24). Participants were given feedback after each trial about whether they had 

successfully reported the quantity of dots or the quantity pictured on the abacus 

(depending on condition). There was no time limit for responses. 

Experiment 3 

 Participants were selected on the basis of either A) a score higher than 90% on 

either the mental or physical portion of the paper-and-pencil abacus test that was 

administered to each participant, B) completion of the full UCMAS course of 3 years of 

training, or C) membership in a group of UCMAS students who perform demonstrations 
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of mental arithmetic at public events. Participants additionally were required to make a 

second visit to the test site and hence were more likely to be located in the greater 

Vadodara area. The 15 MA participants in Experiment 3 had a mean age of 13.3 years, 

with a range of 9.7 – 16.3 years. Control participants were 23 undergraduates at the 

University of California, San Diego who participated in exchange for course credit. 

 The story that we used for the verbal interference task was “Ali Baba and the 

Forty Thieves”; it was read in all three languages by the same UCMAS instructor who 

provided multi-lingual instructions to the children (and recorded separately in American-

accented English for the control participants). Children were instructed on verbal 

shadowing via a demo by an experimenter and then given approximately one minute of 

practice before they began the addition task. The manual interference task was also 

demonstrated by the experimenter. Participants were instructed to drum their fingers on 

the table and then pause briefly with one hand to type in the answer. If children had 

difficulty drumming their fingers independently (as some of the youngest participants 

did) they were encouraged to tap their hands on the table at the same pace. All 

participants performed all four blocks (no interference, verbal interference, manual 

interference, and both interference tasks). The second and third blocks were 

counterbalanced for order. 

 

Analysis 

 Because the designs of each of our experiments were adaptive (meaning that the 

level of trials that each participant saw was tailored to their performance in the 

experiment), summarizing the magnitude of effects across participants presented a 
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challenge. In order to take into account the variation in difficulty for each individual while 

still aggregating data across individuals, all analyses were conducted using logistic 

mixed models (Gelman & Hill, 2006). These models attempt to fit a logistic function 

predicting correct or incorrect responses on the basis of group-wide coefficients (fixed 

effects) for condition and trial difficulty as well as coefficients (random effects) fitting the 

performance of each individual. 

Experiment 1 

 We first analyzed Experiment 1 by fitting two separate logistic mixed models—

based on the number of beads and the number of columns in a problem—and 

comparing them. Because the number of beads and number of columns in a display 

were highly correlated (r = .65), this model-comparison approach provides a principled 

method for determining which predictor better fits the data when the predictors are 

highly co-linear. The first model attempted to predict whether a trial would be answered 

correctly via the number of beads in a particular addition problem, and included 

participant-level (random) effects of participant and number of beads. The second 

model was identical but used the number of columns in a problem to predict 

performance instead. While both bead and column predictors were highly significant in 

their respective models (both p values < .0001), the column-based model fit the data far 

better overall (!2 = 504.58, p < .0001).  

 When we fit a model with both beads and columns as predictors at both the 

participant and group level, we found that columns were a significant predictor (z = -

18.00, p < .0001), while beads did not achieve significance (z = -1.24, p = 0.21). 

Experiment 2 
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 In our first analysis of Experiment 2, we fit a single logistic mixed model (GLM) to 

the entire dataset produced by our participants (all trials in all conditions), using the 

“lmer” package in R. The group-level (fixed) effects in this model were separate terms 

for each condition and for the interaction of each condition with the number of beads in 

the display. At the participant-level model also included separate (random) effects of 

participant and number of beads. Table S1 gives the coefficient estimates and z value 

approximations for the group-level effects in the model (terms with a “:” indicate 

interactions). All p values reported in the paper are derived from this z approximation. 

While this approximation can be anti-conservative for small amounts of data, the large 

size of the dataset we used means that this anti-conservatism is quite minimal (Pinheiro 

& Bates, 2000). 

 

Table S1. Coefficient weights for analyses of participant accuracy in Experiment 1. 

Predictor Coefficient Std. Error z value 

Abacus 2.80 0.07 41.03 

Identical 3.54 0.19 18.24 

Rotated 3.92 0.19 20.40 

Configural 4.10 0.15 27.63 

Jittered 5.66 0.24 23.88 

Estimation 5.52 0.24 22.87 

Abacus:Beads -0.21 0.01 -28.16 

Identical:Beads -0.31 0.02 -14.48 

Rotated:Beads -0.36 0.02 -16.94 
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Configural:Beads -0.41 0.02 -22.98 

Jittered:Beads -0.65 0.03 -21.61 

Estimation:Beads -0.63 0.03 -20.98 

 

We additionally fit a similar model to participants’ reaction times. Since in general 

reaction times are log-normally distributed (and these were no exception), we used a 

linear regression to predict log reaction time. Because reaction times tend to decrease 

over the course of an experiment, we added a coefficient for trial-number to the model. 

Although the resulting coefficient was extremely small, it was highly significant. In 

addition, because participants would occasionally pause the experiment to ask 

questions, reaction times greater than three standard deviations above the mean 

(constituting 1.9% of the total data) were omitted from analysis. Table S2 gives the 

coefficients in this model. 

 

Table S2. Coefficient weights for analyses of participant reaction time in Experiment 1. 

Predictor Coefficient Std. Error t value 

Abacus 0.28 0.02 11.55 

Identical 0.37 0.04 9.70 

Rotated 0.21 0.04 5.63 

Configural -0.10 0.03 -3.38 

Jittered -0.15 0.03 -4.44 

Estimation -0.11 0.04 -2.98 

Abacus:Beads 0.06 0.002 34.01 
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Identical:Beads 0.13 0.004 31.16 

Rotated:Beads 0.12 0.004 32.16 

Configural:Beads 0.14 0.003 48.18 

Jittered:Beads 0.13 0.004 36.72 

Estimation:Beads 0.15 0.004 39.79 

Trial number -0.0020 0.0001 -14.740 

Experiment 3  

 We analyzed Experiment 3 by fitting two separate logistic mixed models, one to 

the mental abacus participants and one to the UCSD control group. Each model 

included a group-level intercept term as well as effects of the number of addends in a 

problem, effects of verbal and manual interference, and an interaction term for 

performing both interference tasks simultaneously; both models also included 

participant-level effects of number of addends and participant. Coefficients for both 

groups are given in Tables S3 and S4. 

 

Table S3. Coefficient weights for analyses of error rates in the MA group in Experiment 

3. 

Predictor Coefficient Std. Error z value 

Intercept 4.78 0.28 16.93 

Addends -0.45 0.07 -6.67 

Manual interference -1.61 0.20 -8.22 

Verbal interference -1.34 0.19 -7.06 

Manual:Verbal 0.87 0.23 3.74 
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Table S4. Coefficient weights for analyses of error rates in the UCSD control group in 

Experiment 3. 

Predictor Coefficient Std. Error z value 

Intercept 6.93 0.34 20.17 

Addends -2.09 0.14 -15.22 

Manual interference 0.11 0.14 0.81 

Verbal interference -1.22 0.14 -8.50 

Manual:Verbal -0.28 0.19 -1.49 
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Fig. S1. Results of the paper-and-pencil arithmetic test for mental and physical abacus 

ability. Accuracy is plotted by speed, with red dots indicating mental abacus 

performance for each participant and green indicating physical abacus. Lines indicate 

the best linear fit. 
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Fig. S2. Average performance by interference condition and number of addends for all 

participants in Experiment 3. 
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Fig. S3. Average verbal shadowing accuracy for both MA users and controls on a scale 

of 1 – 5 (where 1 is totally disfluent and 5 is perfectly fluent), split by whether the 

participants’ response was correct in the addition task. 


