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For spatial working- memory tasks, the precision of working memory for perceived spatial locations 
is often well described by diffusion dynamics (Compte et  al., 2000; Kilpatrick, 2018; Kilpatrick 
et al., 2013; Laing and Chow, 2001) that are commonly implemented in ‘bump- attractor’ models of 
working memory (Compte et al., 2000; Constantinidis et al., 2018; Laing and Chow, 2001; Riley 
and Constantinidis, 2016; Wei et al., 2012; Wimmer et al., 2014). Our analyses built on this frame-
work by examining memory diffusion dynamics for the different task conditions and potential decision 
strategies. For the conditions we tested, most participants’ behavior was well fit by one of two distinct 
strategies, each with its own constraints on decision performance based on different working- memory 
demands. The first strategy was to compute the decision variable (mean disk angle) immediately upon 
observing the evidence (individual disk angles), and then store that value in working memory in a 
manner that, like for the memory of a single perceived angle, could be modeled as a single particle 
with a particular diffusion constant (Average- then- Diffuse model; AtD). The second strategy was to 
maintain representations of all disk locations in working memory, modeled as separate diffusing parti-
cles, and then to combine them into a decision variable only at the time of the decision (Diffuse- then- 
Average model; DtA). Such a strategy results in an effective diffusion constant for the average that 
is inversely related to the number of items. Our results show that like perceived locations, memory 
for computed mean locations degraded with increased set size (of relevant information), and delay 
between presentation and report. However, the degree of degradation depended on the strategy 
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of averaging, and AtD produces a lower σMN
2 and less variable responses than DtA. A summary of all 

framework variables can be found in Table 1.
To summarize, our two models describe two different possible ways for decision- relevant informa-

tion to be stored in working memory prior to executing a decision. The different storage strategies 
result in different patterns of memory degradation, corresponding to trial- to- trial variability (impreci-
sion) of decision reports that increase as a function of the length of the within- trial delay period. For 
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summarized in Figure 4c and f, thus support the idea that for most participants, their behavior was 
well captured by their better- fitting model.

Summaries of the predicted report- error variances by the AtD and DtA fits for well- fit partici-
pants are shown in Figure 5. Overall, the model predictions qualitatively match participant behavior. 
In general, [(Fihehavior was )redicted ry tdif18 (efusons cns tnts ahat fwe)18 (e she msamefor weihe r one)]TJ
0.105 Tw 0 -1.333 Td
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relationships. Participants whose empirical diffusion constant relationships fell within the central 95% 
of the simulated expected range were considered well fit by their model.

To assess model identifiability, for each participant and condition, we fit both models to the results 
of each set of 1000 simulations generated using the best- fitting parameters from the best- fitting 
model for that participant and condition. We used the log- likelihoods to determine the best model 
for each simulation and determined the percentage of correctly identified models. We used these 
 likelihoo35ew tweTh2eobs[, for each parnd condition,9 Tn af1ditd theg pgesizr40 -1.359 Td
[(ofC  Rand conditiohaterm)]Tg pa/Aabed timis 
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