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Supplementary Information

Section A - Extensions to the state-trace method

Previous state-trace analysis has generally been in a position to make strong statements about the ordinal relationships of
the variables for which the measures of interest (e.g., accuracy and visibility) are calculated, allowing them to make strong
statements with their priors. For example, in their experiment on short term memory' are able to a-priori assume in their data
that accuracy in a change detection task is higher when participants have the opportunity to verbalise the first target than when
they did not. In comparison, while we have strong expectations about some behaviours of the attentional blink such as lag
1 sparing in letters-in-digits tasks®>~, the variability in, for example, depth of the blink between experiments, means we are
not in a position to make such strong ordinal statements as these previous works. We therefore propose a data driven method
that makes use of an orthogonal measure to the monotonicity contrast. This method takes two sets of a-priori “constraints”
on the data, restrictions on potential orderings in the prior entered into Bayesian inference. These are an “irrevocable” set
containing those constraints that no theorist would believe violable, and for which any evidence against can only be considered
a measurement error - for example, we would expect lag 1 accuracy to be larger than lag 2 accuracy at the participant level
in the letters-in-digits attentional blink - and a “free” set encoding those behaviours that we might expect to change between
experiments — for example, the lowest point in the blink. Orderings of the dimension (or trace) factor that do not fit the
constraints are considered a-priori to have a prior probability of 0, with all other orderings equally likely. Our method then
removes constraints from the free set that do not fit the data on the basis of our orthogonal measure of validity. The result is a
theoretically grounded, empirically derived set of constraints on the data.

This orthogonal measure is a dimension vs non-dimension factor, analogous to and intersecting with, the trace vs non-trace
factor used in'. In the same way as this trace vs non-trace factor, this gives us a measure of how accurately the data conforms to
a given set of ordering constraints across both the dimension and trace factors. We call this measure BF(pgr)/n(p&T)> OF When
no trace factor is present such as in the main body of this paper, as BFp y(p) in order to prevent confusion about the trace factor
that does not exist in our analysis. In the case in which the trace factor has only one level (such as in our data), this measure is
also equivalent to how well the data conforms to exclusively the dimension axis versus how well it does not. This measure
specifically quantifies the ratio of evidence for the intersection of both the trace and dimension constraints versus all other
points, thereby providing a measure of validity that the overall set of constraints we select fit our data.

In order to make use of this measure to derive a prior, we first pick a set of order constraints on the state and dimension axes
from prior data, C = {ci,...,c,}. This set of constraints should be the fullest set that can be reasonably expected to fit the data,
but should not contain constraints that contradict one another. We then divide this set C into two subsets, those constraints in
C for which violation can only constitute a measurement error (the irrevocable set), and those about which we might expect
variation between experiments (the free set). We label these E = {ey,...,e;} and F = {fi,..., f;} respectively. Next, we
introduce the concept of group validity for a given set of constraints, denoted GE. This is the product of BF(pgr)/n(p&T) aCross
all our M participants for the set of constraints C, specifically:

GE(C) = ITiL1 BFpar)/n(per),
For each item in F, we denote the “leave one out” subset of constraints (F ;) as:

F]':EU{f],...7 j*l?fj+17"'7fq}

We then calculate GE (F ;) for all j € g. For the largest evaluated GE (F ;) with GE(F ;) > GE(E UF), we then remove f;
from F. This procedure is repeated on the new F with f; removed until there does not exist a set such that GE(F ;) > GE(EUF),
or until F = {}. The resulting E UF is the “empirical prior”. We note that this method is very similar in its essence to the
parametric empirical Bayes (PEB) method’, however, we note that the specifics of our application allow us to solve the problem
in a greatly simplified manner.

Our method is justified as follows. Firstly, it is clear that setting our empirical prior based on BFpgr)/n(p&r) Will, on
its own, converge to a prior set of constraints that best fit the data. Secondly, since we are starting from the fullest (strictest)
set of constraints that are theoretically grounded and pruning from this set, it is impossible for us to introduce spurious
constraints that fit the data by chance, but are incompatible with our theoretical understanding. Equally, because we hold some
constraints “irrevocable” we are protected from removing constraints that are highly likely a-priori, based on measurement
errors. Finally, BFipgr)/n(p&r) is an orthogonal measure to the BF(y;/my)|/(p&r)- Since M|(D&T ) UNM|(D&T) C D&T (the
union of the monotonic and non-monotonic orderings given some set of constraints is contained inside the set of all possible
orderings given those constraints) the changes in the balance of probabilities between M|(D&T) and NM|(D&T) (calculated
as BF(y/mn)|/(p&r) have no effect on the respective probabilities of a given set of constraints D&T versus their complement
N(D&T).
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Section B - Lag 1 as a cause of non-monotonicity in the original colour-marked T1 task

In the main body of the paper, we find evidence for a strongly non-monotonic relationship between accuracy and subjective
report in the original colour-marked T1 task. As noted in®, this appears to be driven by differences in the behaviour at
early lags, particularly Lag 1. Here, we attempt to quantify this effect by removing Lag 1 from the state-trace analysis, and
examining how it changes. As well as removing the lag from the dataset, we must also adjust our constraints. The strongest
performance was on the empirically derived constraints, so for this analysis we use these, minus any constraints on the lag 1
datapoint that are now no longer applicable. We find that, despite the fact that grouped (not log) evidence is almost completely
unchanged (BFpyp) = 1.07 x 103 with lag 1, BFp/npy = 1.01 X 10'3 without), our grouped (not log) bayes factor changes
from extremely strong evidence for non-monotonicity at BFys /vy p = 1.17 X 10717, to no strong evidence either way . The
results for each subject individually can be seen in figures 1 and 2. From this we conclude that Lag 1 is a strong driver of the
effect of non-monotonicity that we see in our state-trace analysis of the original colour-marked T1 task. However, the situation
changes for the replication letters-in-digits experiment.

Section C - Binning Method for high vs low visibility trials

In order to determine which binning method was appropriate for separating the data from® into high and low visibility trials, we
evaluated the grouped validity for each potential binning method. This showed quite clearly (see figure 3) that the split with the
strongest validity was an even split with the 3 lowest visibility ratings forming the low bin, and the 3 highest visibility ratings
forming the high bin.

Section D - Subjective experience in the Simultaneous Type/Serial Token model

In this section, we detail how the STST model is used to simulate ERPs, the setup of the STST model used to extract a visibility
rating, and how the visibility rating was calculated. Our virtual ERPs are calculated from a computational implementation
of the STST model, neural-STST?:7. As in the STST model described in the STST model section, the neural STST model is
organised as layers of nodes, connected via weighted connections. These connections are the analogue of synaptic projections
in the brain, and in order to calculate the P3, we therefore introduce the concept of excitatory post synaptic potential to these
virtual nodes. This is calculated as the activation value of the node multiplied by the weight value of its connections to the
subsequent layer. The virtual P3 is then calculated as the sum of these excitatory post synaptic potentials across a subset of the
layers. We follow previous work in using the 3rd, 4th, 6th and 8th layers of the neural-STST model, corresponding to the item
layer, the task filtered layer, the binder gates and the token gates. As in previous work’, we also implement a retinal delay of
a model equivalent of 70ms. Compared to previous works using virtual ERPs from the STST model, we selected a slightly
different stimulus range over which to calculate this virtual P3. Specifically, we sample a range of stimulus strengths with
greater variability (-0.078 to +0.078 -> -0.1625 to +0.1625), at a slightly higher average stimulus and distractor strength (0.520
->(0.570). This approach is consistent with previous simulations with the STST model, where we allow input strength ranges to
vary reflecting the fact that different experiments being modelled might have quite different stimulus types and sensitivities.
Compared to previous iterations of virtual P3 generation, we do not directly sum the components of each item in the stream to
create the P3. We instead only consider the contribution to the P3 of a target to the extent that it does not conflict with the P3 of
another, active target.

In order to calculate subjective report from these virtual P3’s we, as described in the main body of the paper, calculate the
number of time steps that a stimulus spends above a given threshold. For the results given in this paper, this threshold is 0.05.
Additionally, although this method gives us a continuous subjective report, for the purposes of comparison with the human data
from®, it is necessary to be able to divide these subjective reports into the discrete cases of high/low visibility. Since we are
unable to be sure that each lag contains the full range of possible subjective reports, we do this by lag. Since we also do not
know how the visibilities are distributed across each lag, but wish to make a simple, even split as far as possible, we use the
average as the splitting point for high/low visibility. It is also necessary to normalise these time steps counts into visibility
ratings that can be compared to the human data. In the spirit of the simplicity that has driven the creation of the model so far,
we simply normalise the timesteps by a linear factor. To keep the range plausible and remain data driven, the value we selected
was the most visible stimulus in the entire experiment, and divided each visibility rating by this in order to give a “percentage
visibility”. In this way, we provide a very simple index of both continuous and binned subjective report that requires no changes
to the original model.

Section E - Further SESE model ERPs
In figure 4 we provide some further results comparing human and SESE generated ERPs. This compares Human lag 3 with
SESE lag 3, and human lag 3 with SESE lag 4.

Section F - Justifying Non-Monotonic Pattern in Figure 6
It is interesting to note that in the replication (pure letters-in-digits) data set, non-monotonicity goes up when lag-1 is removed:
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compare figures 8B and 9B. There are a number of points that can be made about this.

1. The identification of a non-monotonic pattern when lag-1 is excluded is not inconsistent with the attentional and
experiential blink curves we observe for this data set — see figure 6B, where the distance between T2 report accuracy and
T2 subjective visibility are further apart at lag-2 than at higher lags.

2. Non-monotonicity with lag-1 excluded is not so obvious from figure 6D, although, there is a definite kink for lag-2 relative
to lags 3 and 5. Furthermore, small fluctuations in the lag-2 data point, which there certainly are across participants,
could create a non-monotonic pattern driven by lag-2.

3. The importance of Lag 1 in the averaged data is not necessarily accurately reflecting each individual. Accordingly,
removing the lag-1 point does not consistently effect each individual participant. Although the overall trend is for more
evidence for non-monotonicity, 4 of the 12 participants, for example, gain evidence for monotonicity with the removal of
the lag 1 data-point, compare figure 8B and figure 9B.

4. Finally, and perhaps most importantly, it is well attested that averaged state-trace curves can fail to be representative of
the across participant pattern. Indeed, it could be that the lag-2 point is only at the position shown in figure 6D for the
average and not for any of the participants.
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Evidence for Monotonicity (No Lag 1)
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Figure 1. Respective monotonicity vs non-monotonicity for the original (colour-marked T1) dataset excluding the lag 1
datapoint. Results are weak and strongly hetrogenous, with grouped (not log) BF(y;/nup = 6.69 X 10~!. This essentially
provides no evidence either way for monotonicity, a strong constrast to the analysis with the Lag 1 datapoint included, which
finds a strongly non-monotonic effect with grouped (not log) BF(y;/npp = 1.17 X 10~
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Evidence for Validity of Prior (No Lag 1)
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Figure 2. Validity for each participant for the set of prior constraints derived from the original using our empirical prior
method, for the original (colour-marked T1) task dataset excluding the Lag 1 datapoint. Any constraints no longer valid without
Lag 1 have been removed. At the group level, the evidence is strongly in favour of the constraints fitting the data, with grouped
(not log) BFpn(p) = 1.01 x 1013, extremely close to the grouped validity with Lag 1 included with grouped (not log)
(BFD/N(D) =1.07 x 1013.
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Figure 3. A) Grouped Bayes factor for validity of the original (colour-marked T1) dataset across each potential binning
method for high and low visibility using the original set of constraints based on the data from (Nieuwenhuis, de Kleijn 2011).
B) Grouped Bayes factor for validity across each potential binning method for the empirical prior constraints.
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Figure 4. A comparison, for both high and low T2 visibility, given correctly reported T1, of the human ERPs from the
original colour-marked T1 data analysis®. A) Lag 3 Human ERPs vs Lag 3 STST virtual ERPs. B) Lag 3 Human ERPs vs Lag
4 STST virtual ERPs. Importantly, as previously discussed, neither the function or the structure of the STST model, as given
in® were changed when generating the virtual P3s. Note that the human ERPs presented are slightly different to those from®, as
ours exclude order errors to be consistent with previous sections.
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