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The performance of color prediction methods CIECAM02, KSM2, Waypoint, Best Linear, MMV center, and relit color
signal are compared in terms of how well they explain Logvinenko & Tokunaga’s asymmetric color matching
results (“Colour Constancy as Measured by Least Dissimilar Matching,” Seeing and Perceiving, vol. 24, no. 5, pp. 407452, 2011). In their experiment, 4 observers were asked to determine (3 repeats) for a given Munsell paper under
a test illuminant which of 22 other Munsell papers was the least-dissimilar under a match illuminant. Their use of
“least-dissimilar” as opposed to “matching” is an important aspect of their experiment. Their results raise several
questions. Question 1: Are observers choosing the original Munsell paper under the match illuminant? If they are,
then the average (over 12 matches) color signal (i.e., cone LMS or CIE XYZ) made under a given illuminant condition
should correspond to that of the test paper’s color signal under the match illuminant. Computation shows that the
mean color signal of the matched papers is close to the color signal of the physically identical paper under the
match illuminant. Question 2: Which color prediction method most closely predicts the observers’ average leastdissimilar match? Question 3: Given the variability between observers, how do individual observers compare to
the computational methods in predicting the average observer matches? A leave-one-observer-out comparison
shows that individual observers, somewhat surprisingly, predict the average matches of the remaining observers
better than any of the above color prediction methods.
OCSI codes: 330.0330, 330.1720
http://dx.doi.org/10.1364/AO.99.099999

1. INTRODUCTION
Logvinenko & Tokunaga [1] conducted an asymmetric color
matching experiment in which observers view a Munsell paper under
one light (the test illuminant) and then choose the least dissimilar
matching paper from a set of 22 papers under a second light (the
match illuminant). There were 4 observers and 3 repetitions each. The
papers under both lights are all visible simultaneously. See Fig. 1 for a
photograph of the setup. The papers are rearranged between trials.
Note that these are real papers under real illuminants, not colored
patches on a digital display nor colors obtained using hidden
illuminants to simulate reflectance changes [2, 3]. The experiment
involved 6 illuminants of approximately equal illuminance, green (G),
blue (B), neutral (N), yellow (Y), red1 (R1) and red2 (R2), and all 30
possible pairs were used as test/match illuminant conditions.
However, since the two red illuminants are very similar, in this paper
we exclude one of them (R2). Considering only the non-identical pairs
of 5 of the illuminants, there are respectively 5 and 4 possible
illuminants as the test and match lights and so 20 illumination
conditions. The illumination condition is specified by G2N or Y2B and
so on throughout the paper. For instance, G2N means the test and
match field are, respectively, illuminated by green and neutral.

The Logvinenko & Tokunaga (L&T henceforth) experiment differs
from many other asymmetric color matching experiments in that
subjects are not asked to make exact asymmetric matches, but rather
to identify the colored paper that appears least-dissimilar. They argue
that the classic asymmetric matching has a major shortcoming in that
the observers who set a match report that color matches are not
always perceptually identical. They point out that the light-color
dimension of object color means that an exact asymmetric color match
is impossible in principle. Hence, they ask their observers not to find an
exact match but rather a least-dissimilar match [1, 4].
There are other types of color matching but each has its own
shortcomings. In memory matching, the samples under different lights
to be compared are shown successively, not at the same time. When
there is a delay between successive views this necessarily involves
memory [5]. Allowing time for the eyes to adapt to each illuminant, the
observers need to keep the color information in mind but it is hard to
remember it perfectly after a long delay. In Haploscopic matching, a
sample under the first light is shown to the right eye. A copy of the
same sample under a different light is shown simultaneously (or
successively) to the left eye so that each eye becomes adapted to a
different light. Haploscopic matching experiments assume that the two
eyes are independent with respect to sensitivities and chromatic
adaptation mechanisms, which may well be valid for the sensory

mechanism but ma
ay not hold for co
ognitive mechanissms. One half of the
t
fieeld of view corresponding to each
h eye will be pro
ojected into the left
brrain and the otherr half will be projjected into the rigght region and th
hen
the signals will be mixed
m
in a way th
hat is not yet fully
y understood [6].
During each tria
al of the L&T exp
periment, a laserr pointer is used to
dicate a test co
olored paper (a
a Munsell paperr from the mattte
ind
co
ollection) from the
e left-hand panell and observers are asked to identtify
the least-dissimilarr paper from the right-hand panell. As L&T point out,
ap
perfect asymmettric match will usu
ually be impossib
ble due to metam
mer
mismatching (i.e., the fact that two
o different reflecctances may refleect
metameric lights under one illum
minant, but non
n-metameric ligh
hts
un
nder a second illu
uminant). Furthe
er analysis of thee effect of metam
mer
mismatching in the
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context of this experimen
nt is provided by
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ogvinenko et al. [7
7].

Figg. 1. The asymm
metric matching setup
s
used by L&
&T [1] showing the
t
exxample of the lefft-hand panel in yellowish light and
a the right-han
nd
paanel in bluish ligh
ht. “Each stimulu
us array containeed 20 papers fro
om
evvery other page in
n the Munsell boo
ok of maximal Ch
hroma … completted
wiith grey (N5/) and
a black (N1/) papers (i.e., 22 papers in all). The
T
stiimulus array dim
mensions were 39 x 55 cm.” [1
1] The papers are
a
rearranged betwee
en trials.
Based on the L&T asymmetriic matching ressults, we compaare
seeveral color pred
diction methods to determine which
w
best modeels
ob
bserver performa
ance. In particularr, we compare vo
on-Kries-rule-based
CIECAM02 [8], KS
SM2 [9], Wpt [10
0], Best Linear 3xx3 transform [11],
MM
MV (metamer mismatch
m
volume
e) center [12] and Relit color sign
nal
(L
LMS cone respon
nse or XYZ) of the test paper under the mattch
illu
uminant. Details of these method
ds are given below. In all cases, we
w
assume that the me
ethods have accu
urate information
n about the test an
nd
maatch illuminants.
e methods relative
e to the L&T dataa, we address thrree
In analyzing the
qu
uestions: (i) Are observers
o
genera
ally choosing the physically identiccal
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unsell paper und
der the match illu
uminant? (ii) Wh
hich computation
nal
method most closely corresponds to the observerr average? and (iiii)
Ho
ow does the perrformance of ind
dividual observers compare to the
t
co
omputational me
ethods in predictting the least-dissimilar matches of
the average observ
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2.. BACKGROUN
ND
Numerous metthods for prediicting ‘color’ un
nder a change of
illu
umination have been proposed. Derhak and Berrns [10] make the
t
disstinction betwee
en chromatic ad
daptation transfforms (CATs) an
nd

materiaal adjustment traansforms (MATs)). A CAT is intend
ded to predict
what coolor signal underr the match cond
dition will appeaar the same as
under th
the test condition
n. Of course, theree is the issue of w
what ‘the same’
means. Derhak and Berrns define the ggoal of a MAT ass “…to predict
n object color
materiaal constancy or how sensor exxcitations for an
change with changes in observing condiitions” [10]. The problem with
this defifinition is, as estab
blished by Logvin
nenko et al. [7], tthat as a result
of metaamer mismatchin
ng intrinsic objecct colors that aree independent
of the illluminant simplyy do not exist—heence material con
nstancy in the
Derhakk and Berns sensee does not exist eeither since from such material
constan
ncy intrinsic objecct colour would im
mmediately follo
ow.
Logvvinenko [13] disstinguishes betw
ween the intrinsic color of an
object iindependent of the illumination
n—which he pro
oves does not
exist—aand the materiall color that can b
be associated witth object/light
pairs. H
He bases the d
definition on thee asymmetric-m
match relation
determiined by least-disssimilar matching. “Let us design
nate the leastTherefore,
dissimillar-colour-match
hing
relation
as
~m.
(x1, p1) ~
~m (x2, p2) mean
ns that the objecct x1 under the light p1 looks
least disssimilar (amonggst all the other o
objects under thiis light) to the
object x2 under the ligh
ht p2. … The exiistence of the leaast-dissimilarcolour-m
matching relation allows us to d
distinguish a partticular type of
object ccolour resemblan
nce…When two o
object/light pairss belong to the
same ~
~m equivalence class we will ssay that they haave the same
materiaal colour.” (p. 153
3-154)
As loong as we bear iin mind that wee will not obtain constancy or
“materiial color equivaleency” [10] we caan still investigatte methods of
predictiing—given a colo
or signal from a ggiven surface refleectance under
a first liight—what its co
olor signal is likeely to be under a second light.
Wpt [10] is one such ccolor signal pred
dictor. However, the issue we
addresss here is not wheether one CAT or color signal pred
dictor is better
than an
nother, but rather whether or n
not any of them
m successfully
predictss the least-dissim
milar matches maade by the obserrvers in L&T’s
experim
ment.
Colorr signal predictorrs can be divided into two categorries: those that
require full knowledge o
of the spectral po
ower distribution
ns of both the
test and
d match illumin
nants; and thosee that require o
only the color
signals of the perfect reflector under each illuminantt. In the first
category
Linear [11], Wptt [10] and MMV ccenter [12]. In
ry are Relit, Best L
the secoond category are von-Kries-based
d CIECAM02 [8] aand KSM2 [9].
The Relit color signaal is simply the color signal of tthe given test
paper u
under the match (second) illumin
nant. Computing iit requires the
full specctral reflectance function of the ssurface as well aas the SPDs of
the seccond illuminant. Since L&T used matte Munselll papers, we
assumee that the color siggnal (φ1, φ2, φ3) resulting from ligght impinging
on senssors Si(λ) (i = 1…
…3) from a surfaace of spectral reeflectance x(λ)
illuminaated by light with
h spectral power distribution I(λ) iis:

λ
ϕ i ( x ) =  min x (λ ) I (λ ) Si (λ ) d λ ( i = 1, 2,3 )
λ max

(1)

The Relit ‘prediction’’ of the color siggnal is, of coursee, not really a
predictiion at all but rath
her, under the asssumption of mattte reflectance,
a straigh
htforward calculaation of what thee actual color sign
nal will be.
Wpt involves a 3x3 llinear matrix traansformation of the test color
signal too the match colorr signal. The 3x3 transformation iis determined
based oon the SPDs of thee illuminants and
d a training set consisting of the
reflectaances of all the p
papers in the M
Munsell collection
n. In order to
satisfy oother design requ
uirements, Wpt d
does not, in fact, d
determine the
optimall 3x3 matrix. In comparison, thee Best Linear m
method [11] is
based oon using the optim
mal 3x3 matrix m
mapping the color signals from
the train
ning set (1600 M
Munsell papers) u
under the test illu
uminant to the
match illluminant.
MMV
V center predictio
on is based on computing metam
mer mismatch
volumees. For a given co
olor signal underr the test illuminant, the set of
color siggnals it could theeoretically becom
me under the mattch illuminant

defines a convex volume in color signal space called the metamer
mismatch volume (MMV). Computing the MMV requires full
knowledge of the SPDs of both illuminants. Logvinenko et al. [12]
propose using the color signal at the geometric center of the MMV as a
candidate for what the color signal under the test illuminant is likely to
become under the match illuminant, and we label that prediction
method “MMV centre”.
In the second category of color signal prediction methods—those
that require only the color signals of the illuminants, not their full
SPDs—we consider von-Kries-based CIECAM02 [8] and KSM2 [9]. At
the heart of CIECAM02 is the chromatic adaptation transform CAT02,
which applies the standard von Kries (diagonal) transformation after a
sharpening transformation [14, 15]. The degree of adaptation can vary
from zero, for no adaptation, to 1, for complete adaptation. We tested
CIECAM02 with 10 different values specified for D (0.1, 0.2, …, 0.9, 1)
instead of computing it as a function of the adapting field factors. We
found that CIECAM02 performed the best with D equal to 1. Therefore,
we set D to 1 when computing the CIECAM02 prediction results
reported below.
Also in the second category is KSM2, developed by Mirzaei et al. [9].
KSM2 uses Gaussian-like functions (called wraparound Gaussians) to
represent both the illuminations and the reflectance. Given the color
signal of a light (its full SPD is not required), a metameric Gaussian SPD
can be found that is fully specified by 3 parameters: K the scaling, S the
sigma, M the peak wavelength. As illustrated in Fig. 2, to make a color
signal prediction, KSM2 finds three Gaussian functions, one
representing an SPD metameric to the test illuminant, a second
metameric to the match illuminant, and a third representing a
reflectance metameric to the given test color signal under the Gaussian
SPD metameric to the test illuminant. It then computes the match color
signal of that Gaussian reflectance under the match Gaussian
illuminant and uses that color signal as its prediction.
L&T suggest that the least-dissimilar match may be based on the
central wavelength component of Logvinenko’s ADL coordinates [16].
In terms of ADL coordinates, Logvinenko proved for any arbitrary
strictly positive illuminant that for each spectral reflectance function
there exists a unique rectangular spectral reflectance function specified
by three numbers, purity (α), spectral bandwidth (δ), and central
wavelength (λ) that is a metamer under that illuminant. An example of
an αδλ (ADL) metamer is shown in Figure 2(c). L&T suggest “It seems
plausible to expect the same rectangular spectral reflectance function
to be assigned the same material colour under different illuminations.
If also the least dissimilar match is based on the equality of material
colours then we can make a prediction for our stimulus papers
evaluating the colour stimulus shift produced by the illuminants used
in our experiment. The prediction is rather simple: the least
dissimilarity between differently illuminated papers is to be achieved
by the pair with the same rectangular metamers. As purity and spectral
band did not vary systematically over the stimulus sample, this
suggestion amounts, at first approximation, to the prediction that in
our experiment the least dissimilar match should be determined by the
central wavelength” (p. 429 [1]). In other words, the L component.
L&T test their hypothesis and conclude, “… the observers’ matches
drastically violate the central wavelength equality prediction” (p. 431
[1]). In any case, we test this central-wavelength hypothesis again here
but using the M of KSM2 [9] rather than the L of ADL.

(a)

(b)

(c)
Figure 2. Solid black curves are the given spectral power distributions
and reflectance. Dashed magenta curves are their Gaussian metamers
and the dotted green curve is the ADL metamer with
α=0.58, δ=54, λ=497. (a) Wraparound Gaussian SPD metameric to the
test light. (b) Wraparound Gaussian SPD metameric to the match light.
(c) Wraparound Gaussian reflectance producing the same color signal
when lit by the wraparound Gaussian SPD from (a) as the color signal
of the original reflectance (solid black curve in (c)) under the test light.
The rectangular spectral reflectance is also metameric to the original
reflectance under the test light.

3. OBSERVERS CHOOSE ORIGINAL MUNSELL PAPER?
Before addressing the issue of how well the various computational
methods model the asymmetric matches made by the L&T observers,
we consider the issue of whether or not observers are generally
choosing the physically identical Munsell paper under the match
illuminant as least-dissimilar to the test paper? To answer this
question, for each test paper under the test illuminant, we compute the
average XYZ under the match illuminant of the Munsell papers chosen
as least-dissimilar and calculate how far in terms of Euclidean distance
that average is from the actual XYZ of the test paper under the match
illuminant, and finally average the results over all 20 test papers.
For each illumination condition, 4 observers with 3 repeats made
least-dissimilar matches. All 20 chromatic papers were used as test
papers. For each of the 20 test papers, therefore, there are 12 leastdissimilar matches reported, resulting in 240 matches for each
illumination condition. Considering the 20 non-identical pairs of lights
used in the asymmetric matching experiments, we have 20 x 240, or
4800 matches in total. The average Euclidean distance between the
matched paper and the XYZ of the physically identical Munsell paper
under the match illuminant is 6.0. For comparison, the average XYZ
difference between a given Munsell paper and the nearest of the other
19 papers under the Neutral illumination is 6.6. In other words, the
observers are on average choosing as least dissimilar a paper that is
either the physically identical paper or one that is close to it in color.
Our analysis is in agreement with L&T’s analysis: “… when the test
illuminant was neutral or yellow the average mismatch was roughly
one hue step. The mismatch for the other four test illuminants was
approximately two hue steps. Therefore, while the exact match rate for
these illuminations … is quite low (less than 30%) the average
mismatch does not exceed two hue steps” ([1] p. 415). An ‘exact
match’ is defined as the observer choosing the physically identical
paper.
These results suggest, perhaps not surprisingly, that observers
generally find the match paper that is physically identical to the test
paper to be the least dissimilar one.

•

The results of the three Wilcoxon tests will lead to one of the
following cases.
Case I: The null hypothesis of the two-side test cannot be rejected at
the 5% significance level. In this case the performance of Method 1 and
Method 2 can be considered to be equivalent.
Case II: The null hypothesis of the two-side test can be rejected and
the right-tailed test cannot be rejected, but the null hypothesis of the
left-tailed test can be rejected. In this case, Method 2 can be considered
to be better (lower median prediction error) than Method 1.
Case III: The null hypothesis of the two-side test can be rejected and
the left-tailed test cannot be rejected, but the null hypothesis of the
right-tailed test can be rejected. In this case, Method 1 can be
considered to be better (lower median prediction error) than
Method 2.
Table 1. Comparison of algorithms in predicting the
average-observer-match in each of the 20 different illumination
conditions. The numbers in columns 3-5 indicate how many
times across the 20 different illumination conditions that each
Case (see text for definition of the Cases) occurs. Informally, Case
III indicates Method 1 is ‘better’ than Method 2, Case II that
Method 2 is better than Method 1, and Case I that they perform
similarly.
Method 2

Case III

Case II

Case I

To determine which method most closely predicts observer
least-dissimilar matching behavior, we consider the 12 (4 observers, 3
repeats) matches made for each test paper under a given illumination
condition and compute the average-observer-match as the average of
the color signals of the 12 matched papers under the match illuminant.
Each computational method is used predict the color signal of the test
paper under the match illuminant. A method’s prediction error is
calculated
as
the
Euclidean
distance
between
the
average-observer-match color signal and the color signal the method
predicts.
We compare the performance of the computational color prediction
methods to one another using the Wilcoxon signed-rank one-sided and
two-sided tests [17]. The Wilcoxon test is a non-parametric statistical
hypothesis test based on the sum of the signed ranks of a set of paired
samples. In the present case, the paired samples are the prediction
errors for the 20 papers under a given illumination condition of the
two methods being compared. All the tests are performed at the 5%
significance level.
More specifically, the 20 test papers result in 20
average-observer-match values for a given pair of test and match
illuminants, along with a corresponding set of 20 predictions made by
each algorithm. Three tests are performed to compare each pair
(Method 1 and Method 2) of methods—one two-sided test and two
one-sided tests. The null hypotheses for these tests are as follows.

•

Two-sided test: the null hypothesis is that the median
prediction errors of the two methods are equal.
Right-tailed test: the null hypothesis is that the median
prediction error of Method 1 is greater than the median
prediction error of Method 2.
Left-tailed test: the null hypothesis is that the median
prediction error of Method 2 is greater than the median
prediction error of Method 1.

Method 1

4. PREDICTING OBSERVER AVERAGE MATCHES

•
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Table 2. Accuracy in Predicting Average Observer Matches. Mean
and median of the Euclidean distance in XYZ and CIE1976 u′v′
between each method’s predictions and the average observer
match across 400 cases.

Table 3. Observers versus Computational Methods. Similar to the
Table 1 but in this case comparing via the Wilcoxon test how well
each method/observer predicts the 3-observer average of
least-dissimilar matches. The numbers in columns 3-5 indicate
how many times across the 20 different illumination conditions
that each Case (see text for definition of the Cases) occurs.
Informally, Case III indicates the given method is ‘better’ than the
particular observer, Case II that the observer is better than the
method, and Case I that they perform similarly.

Method

Note that the results in Table 1 show the relative performance of the
methods, not their absolute performance. In other words, the methods
might be doing equally poorly rather than equally well. In terms of
absolute performance, Table 2 lists the accuracy of each method’s
predictions averaged over the 400 cases. The accuracy is measured in
terms of the Euclidean distance between the prediction and the
average XYZ of the 12 least-dissimilar matches, and similarly for
CIE1976 u’v’ coordinates. Although most of the results reported in this
study are in terms of XYZ, almost identical ranking results were
obtained using Euclidean distances in Hunter-Pointer-Estevez LMS
space and the CIEDE2000 metric.
The results in Table1 and Table 2 are aggregated over all 20 Munsell
papers and all 20 illumination conditions. L&T [1] provide a detailed
analysis of how the average ‘exact match’ rate varies both with the
illumination condition and with the test paper.
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5. OBSERVERS PREDICTING OTHER OBSERVERS
In the previous section the performance comparison is between
computational methods. All those methods might be equally good or
bad but how does their performance compare to that of the observers
relative to one another? Clearly there will be variability in the
least-dissimilar matches made by the different observers. To what
extent do the observers agree with one another and is a match made
by an individual observer any better or worse a predictor of the
average observer match than those made by the various
computational methods?
To answer this question, we used a leave-one-observer-out
comparison in which one observer is excluded and the 9 remaining
trials (3 observers, 3 repeats per paper) are combined to create a
3-observer average for each illumination condition. The mean of the
excluded observer’s 3 trials is then used as a predictor of this
3-observer average. This process is repeated for each of the 4
observers resulting in predictors Obs1,…,Obs4 of the 4 different,
3-observer averages.
Table 3 compares the individual observers to the computational
methods in predicting the 3-observer average. Table 3 also includes
results based on picking the paper that has the closest ‘hue’ using M
from KSM2 as the hue measure, which interestingly does slightly better
than using all 3 components of KSM2.
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From Table 3, it is clear that human observers predict the
3-observer average better than the computational methods do, as
indicated by the fact that the numbers in the Case II column are
substantially larger than those in the Case III column.

6. RESULTS USING THE PROCESS OF ELIMINATION

CIECAM02

Best Linear

MMV Center

M of KSM2

Case I

Wpt

Case II

Relit

Case III

The Logvinenko & Tokunaga [1] asymmetric matching experiment
is interesting because it is based on least-dissimilar matching of real
papers under real lights. The question the L&T experiment addresses
differs from that of many corresponding color experiments, which tend
to abstract color away from what its purpose might be. Given this
different set of experimental data, we have evaluated several color
signal prediction methods in terms of how well they correspond to
observers’ least-dissimilar matching. Note that, as mentioned above,
Best Linear, Wpt, and MMV centers require the full spectra of the test
and match illuminants, while KSM2 and CIECAM02 require only their
color signals. In other words, the former ones may or may not predict
human performance, but they cannot possibly provide a
computational model of any aspect of trichromatic color perception.
Our analysis shows that observers tend to find the physically
identical test paper to be the least-dissimilar match paper. Since there
is a forced choice of 1 paper out of 20, this does not mean, however,
that observers would always consider that paper to be the leastdissimilar if there were an effectively infinite choice of papers. Note
also that because of the possibility of metamer mismatching it is a
mistake to interpret the physically identical paper under the match
illuminant as the ‘correct’ answer. An observer is not wrong to find
some other paper to be least dissimilar. If the test/match paper were to
be replaced by one of different (but metameric under the test light)
reflectance then the color signal under the match illuminant will be
different from the original situation even though nothing in the test
condition visibly changed.

KSM2

Observer

7. DISCUSSION

Table 4. Results corresponding to those in Table 3 but allowing
the algorithms to include minimizing the total dissimilarity
across all 20 papers simultaneously.
Method

In a discussion concerning the results described in Section 5 above,
John McCann [18] suggested that perhaps the observers were
exploiting the fact that there were only 20 chromatic papers from
which to choose and this might in some way be affecting the L&T
matching results. In order to address that concern, in this section we
provide the computational methods with this additional information to
see if they are then able to predict the observers’ least-dissimilar
matches correctly.
Although the L&T observers were instructed simply to identify the
least-dissimilar looking paper, the observers were aware that the same
20 papers were present under both the test and match illuminants so it
is conceivable that they used that extra information to do an overall
best fit of the least-dissimilar matches for of the 20 papers under the
match illuminant to those under the test illuminant. Although we
cannot know what observers were doing when they made their
least-dissimilar matches, we can have the computational methods
exploit that extra information.
Table 4 shows the results corresponding to those in Table 3 but
when the algorithms minimize the overall dissimilarity across all 20
papers before deciding on the match for the given test paper.
It is clear from Table 4 that the extra information does improve the
computational methods’ predictions of the 3-observer average (Case I
numbers are larger than those in Table 3); nonetheless, the individual
observers still are statistically better roughly half the time (Case II) . In
other words, even when the computational methods are modified to
exploit a process-of-elimination type strategy they are still are not as
good as the human observers in predicting the other observers’ leastdissimilar matches.
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Interestingly, none of the methods is as effective as each individual
observer in predicting the 3-observer average of the other observers’
matches. This implies that all the computational methods studied are
not capturing some important aspect of the observers’ least-dissimilar
matching strategy. L&T [1] argue for the existence of both lighting and
material dimensions of object color and propose the concept of an
across-illuminant color map. Perhaps once their across-illuminant
color map is fully specified it will provide a full model of the L&T
asymmetric matching results. All we can say in the meantime,
however, is that the computational models we tested do not explain
those results adequately.
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