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Materials and Methods 
 

1. Tasks 
 
Subjects performed a speeded version of the Stroop and Multi-Source Interference (MSIT) tasks. 
For the Stroop task, subjects were shown a random sequence of color words (“red”, “green”, 
“blue”) printed in either red, green, or blue color (Fig. 1A). Subjects were instructed to name the 
color the word stimulus was printed in while ignoring its meaning and to do so as quickly and 
accurately as possible. For the MSIT task, subjects were shown an array of three numbers (0,1,2,3), 
out of which two were the same and the third of which was different (target). Subjects were 
instructed to press the button identical to the target number (which was unique) regardless of the 
position at which it was shown. For both tasks, all responses were recorded as button presses using 
an external response box (RB-740, Cedrus Corp., San Pedro, CA). For both tasks, the stimulus 
was blanked for 1s after each button press, followed by a feedback screen that lasted 1s. Subject 
were given three types of feedback: correct, incorrect or “too slow”. The feedback in 10-15% of 
trials (regardless of whether they were correct or incorrect) was “too slow” based on an adaptive 
response threshold (see (33) for details), which we used to emphasize the need to respond quickly 
and thereby resulting in a sufficiently large error rate. The inter-trial interval was sampled 
randomly from a uniform distribution between 1.5s to 2s. Trial sequences were pseudo-
randomized and designed to avoid stimulus repetitions. The proportion of conflict trials in the 
Stroop task was 33%; For MSIT, the proportions of Simon only (“si”), Flanker only (“fl”), Simon 
and Flanker coincident (“sf”) trials are 15%, 15%, and 30%, respectively (the remaining 40% of 
trials have no conflict). The tasks were implemented in MATLAB (The Mathworks, Inc., Natick, 
MA) using Psychtoolbox-3 (79). The two tasks were performed in sequence, i.e., subjects finished 
blocks of one task first and then moved on to blocks of the other task. The order of task performed 
was randomized across experimental sessions.  
 

2. Behavioral controls 
 
As a control, we additionally collected behavioral data from N = 51 normal control subjects (24 
females; age mean±sd: 44±11) using the Amazon mTurk platform. We implemented the MSIT 
task as described above using the jsPsych toolbox (80). These behavioral data were analyzed using 
the same methods as documented below. These control subjects exhibited a robust conflict 
probability effect like the patients (Fig. S1C). 
 

3. Subjects 
 
34 patients (see Table S1 for age and gender) who were evaluated for possible surgical treatment 
of their focal epilepsy using implantation of depth electrodes volunteered for the study and gave 
written informed consent. We only included patients with well-isolated single- neuron activity on 
at least one electrode in the dACC or pre-SMA. All research protocols were approved by the 
institutional review boards of Cedars-Sinai Medical Center, Huntington Memorial Hospital, and 
California Institute of Technology. 
 
 

4. Electrophysiological recordings 
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We analyzed data from up to 4 electrodes in each subject (bilateral dACC and pre-SMA. For each 
depth electrode, there are eight microwires at the tip with high impedance, and eight macro 
contacts with low impedance along the shaft (AdTech Medical Inc.). For microwire recordings, 
the sampling rate was 32-40kHz and the raw signal was acquired broadband (0.01Hz-9kHz). One 
microwire on each depth electrode was designated as a local reference wire. For intracranial EEG 
recordings done with macro contacts, the sampling rate was 2kHz (ATLAS, Neuralynx, Inc., 
Bozman, MT).  
 
Electrode localization 
 
Electrodes were localized using a combination of a pre-operative MRI and a postoperative 
MRI/CT using standard procedures described elsewhere (33, 81). Only electrodes that could be 
clearly localized to the dACC (cingulate gyrus or cingulate sulcus; for patients with a paracingulate 
sulcus, electrodes were assigned to the dACC if they were within the paracingulate sulcus or 
superior cingulate gyrus) or the pre-SMA (superior frontal gyrus) were included.  
 
Spike detection and sorting 
 
We filtered the raw broadband signal with a zero-phase lag filter in the 300-3000Hz band. Spikes 
were detected and sorted using a template-matching algorithm (82). Sorting quality is evaluated 
using the same metrics reported in (33) and only well-isolated single units are included in this 
paper. Channels with interictal epileptic events were excluded.  
 

5. Quantification and statistical analyses 
 
 
Bayesian conflict probability estimation models (“full” model) 
 
Our models are built upon those used in previous studies (52, 54). Here, we briefly highlight the 
modifications we made to extend these existing models to model behavior in both the Stroop and 
MSIT tasks, the latter of which has two types of conflicts that are monitored at the same time. Our 
models have the following parameters (see Fig. 1C for a schematic of the model structure): 1) a 
flexible learning rate 𝛼𝛼, which captures the subject’s belief in the rate of change in control demand 
in the environment (i.e., a change in conflict probability), and 2) conflict probability (𝑞𝑞𝑠𝑠 for Stroop 
conflict in the model for Stroop, 𝑞𝑞𝑠𝑠𝑠𝑠 for Simon and 𝑞𝑞𝑓𝑓𝑓𝑓  for Flanker conflicts in the model for 
MSIT). The models utilize two types of data (both of which are only available after a trial’s 
response has been made): 1) trial congruency 𝑜𝑜 (value of 1 indicates an incongruent trial; 𝑜𝑜𝑠𝑠 for 
Stroop congruency, 𝑜𝑜𝑠𝑠𝑠𝑠 for Simon congruency and 𝑜𝑜𝑓𝑓𝑓𝑓 for Flanker congruency), assumed to be 
generated by the corresponding conflict probability; 2) reaction time 𝑅𝑅𝑅𝑅, assumed to be generated 
by a drift-diffusion model (DDM). Prior work (52) uses a Gaussian likelihood function to account 
for RT generation, but here we use a DDM because: 1) fewer parameters are used in the DDM, 
making it computationally feasible to model two types of MSIT conflict; 2) the DDM parameters 
have physiological motivation; and 3) DDMs have been widely used and validated as the 
generative framework to model RT during decision making (83, 84).   
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Estimating the environmental demand on cognitive control is operationalized as estimating the 
probability that a certain conflict (Stroop, Simon or Flanker) occurs in the experimental session. 
One advantage of our models is that conflict probability and the rate of change in conflict 
probability are both estimated in an online manner, i.e., the models iteratively update their current 
estimates after every trial with new incoming data using Bayes’ law, capturing the fact that our 
subjects experience the task trial-by-trial. Note that in this study the conflict probability was 
constant throughout the experiment (set by the experimenter and unbeknownst to subjects). 
Nevertheless, we allow the model to infer the learning rate 𝛼𝛼 online because humans demonstrate 
inherent bias in believing that environmental statistics are not stable (85).  We use a single 𝛼𝛼 for 
both types of conflicts in MSIT. To simplify model estimation, we made the Markovian 
assumption that the current estimate of conflict probability depends only on the current trial 
congruency and RT, and the estimated conflict probability on the last trial, but not on the full trial 
history (54).  
 
The model starts with a transition function for the learning rate 𝛼𝛼 (𝛼𝛼 < 0.2): 
 

𝛼𝛼𝑠𝑠+1 ~ 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼(𝛼𝛼𝑠𝑠 ,𝑘𝑘) 
 
This formulation assumes that the learning rate is largely stable across time which is controlled by 
the parameter k (assumed to be fixed across trials). The transition function for conflict probability 
captures its changeability from the current estimate and is computed in two steps. Here, we refer 
to the current-trial estimate of conflict probability for Stroop, Simon or Flanker generically as 𝑞𝑞𝑠𝑠. 
The transition function is thus denoted as 𝑝𝑝(𝑞𝑞𝑠𝑠+1|𝑞𝑞𝑠𝑠 ,𝛼𝛼𝑠𝑠). First, an auxiliary variable 𝑞𝑞𝑠𝑠+0.5 is 
constructed, which is a beta-distributed random variable with its mode being 𝑞𝑞𝑠𝑠 and the sum of 
two parameters being 1

𝛼𝛼𝑖𝑖+1
: 

 

𝐼𝐼𝑠𝑠+1 =
1

𝛼𝛼𝑠𝑠+1
− 2 

 
𝑞𝑞𝑠𝑠+0.5~𝐵𝐵𝐵𝐵𝐵𝐵𝐼𝐼(𝑞𝑞𝑠𝑠𝐼𝐼𝑠𝑠+1 + 1, 𝐼𝐼𝑠𝑠+1 − 𝑞𝑞𝑠𝑠𝐼𝐼𝑠𝑠+1 + 1) 

 
The conflict probability transition function is then constructed as 
 

𝑞𝑞𝑠𝑠+1~𝑞𝑞𝑠𝑠+0.5 + 𝛼𝛼𝑠𝑠+1(𝑜𝑜𝑠𝑠 − 𝑞𝑞𝑠𝑠+0.5) 
 
The transition function adopts a classical update rule used in reinforcement learning models, and 
the learning rate controls the balance between past (𝑞𝑞𝑠𝑠+0.5) and current information (𝑜𝑜𝑠𝑠). RT is 
assumed to be generated by a diffusion process. The two bounds of the DDM used here represent 
the correct and wrong choice (not response options). The diffusion process therefore accumulates 
the difference in the evidence between the target and distractor response (Fig. 1C, right), which is 
smaller for conflict trials and thus leads to longer RTs. We refer to the drift-diffusion likelihood 
function (86) for RT as  
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Stroop (𝑑𝑑𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠𝑛𝑛𝑛𝑛𝑠𝑠 𝑐𝑐𝑛𝑛𝑛𝑛𝑓𝑓𝑓𝑓𝑠𝑠𝑐𝑐𝑠𝑠,𝑑𝑑𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠𝑛𝑛𝑛𝑛𝑠𝑠 𝑛𝑛𝑛𝑛𝑛𝑛−𝑐𝑐𝑛𝑛𝑛𝑛𝑓𝑓𝑓𝑓𝑠𝑠𝑐𝑐𝑠𝑠), and drift rate bias coefficients that scale the Simon 
(𝐶𝐶𝐶𝐶 𝑐𝑐𝑜𝑜𝐵𝐵𝑐𝑐𝑐𝑐𝑠𝑠𝑠𝑠 ,𝐶𝐶𝐶𝐶 𝑐𝑐𝑜𝑜𝐵𝐵𝑐𝑐𝑐𝑐𝑛𝑛𝑛𝑛𝑛𝑛−𝑠𝑠𝑠𝑠), Flanker (𝐶𝐶𝐶𝐶 𝑐𝑐𝑜𝑜𝐵𝐵𝑐𝑐𝑐𝑐𝑓𝑓𝑓𝑓 ,𝐶𝐶𝐶𝐶 𝑐𝑐𝑜𝑜𝐵𝐵𝑐𝑐𝑐𝑐𝑛𝑛𝑛𝑛𝑛𝑛−𝑓𝑓𝑓𝑓) and Stroop 
(𝐶𝐶𝐶𝐶 𝑐𝑐𝑜𝑜𝐵𝐵𝑐𝑐𝑐𝑐𝑠𝑠𝑠𝑠𝑠𝑠𝑛𝑛𝑛𝑛𝑠𝑠 𝑐𝑐𝑛𝑛𝑛𝑛𝑓𝑓𝑓𝑓𝑠𝑠𝑐𝑐𝑠𝑠,𝐶𝐶𝐶𝐶 𝑐𝑐𝑜𝑜𝐵𝐵𝑐𝑐𝑐𝑐𝑠𝑠𝑠𝑠𝑠𝑠𝑛𝑛𝑛𝑛𝑠𝑠 𝑛𝑛𝑛𝑛𝑛𝑛−𝑐𝑐𝑛𝑛𝑛𝑛𝑓𝑓𝑓𝑓𝑠𝑠𝑐𝑐𝑠𝑠) conflict probability. Note that, in the MSIT 
model we assumed that Simon conflict probability and Flanker conflict probability affect drift rates 
independently and additively for Simon (𝐶𝐶𝐶𝐶 𝑐𝑐𝑜𝑜𝐵𝐵𝑐𝑐𝑐𝑐𝑠𝑠𝑠𝑠), non-Simon (𝐶𝐶𝐶𝐶 𝑐𝑐𝑜𝑜𝐵𝐵𝑐𝑐𝑐𝑐𝑛𝑛𝑛𝑛𝑛𝑛−𝑠𝑠𝑠𝑠), Flanker 
(𝐶𝐶𝐶𝐶 𝑐𝑐𝑜𝑜𝐵𝐵𝑐𝑐𝑐𝑐𝑓𝑓𝑓𝑓) and non-Flanker (𝐶𝐶𝐶𝐶 𝑐𝑐𝑜𝑜𝐵𝐵𝑐𝑐𝑐𝑐𝑛𝑛𝑛𝑛𝑛𝑛−𝑓𝑓𝑓𝑓) trials. Conflict probability (CP) is logit-
transformed and scaled by 𝐶𝐶𝐶𝐶 𝑐𝑐𝑜𝑜𝐵𝐵𝑐𝑐𝑐𝑐 to compute the drift rate bias term. This model 
parameterization allows for the possibility that the effect of the conflict probability on RT varies 
as a function of whether a certain type of conflict (Simon, Flanker or Stroop) is present or not, 
consistent with prior work (52). Our assumption that conflict probability affects RT by biasing 
drift rates is based on  previous work investigating the effect of choice history on RT (87).  To 
control for the effect of general trends of RT changes not related to conflict probability estimation, 
we added another drift rate bias term that depends on the trial ID (𝑅𝑅𝑑𝑑𝑇𝑇𝐼𝐼𝑇𝑇𝐼𝐼𝐷𝐷 𝑐𝑐𝑜𝑜𝐵𝐵𝑐𝑐𝑐𝑐). Trial ID is 
scaled by 1/50. The effective drift rate is then the sum between the base drift rate and the drift rate 
bias terms (Fig. 1C). We also assumed that the drift rate diffusion started at the midpoint between 
the boundaries (i.e., 𝑧𝑧 = 0.5). With the Markovian assumption, the updating process for the MSIT 
model is thus given by 
 
𝑝𝑝�𝑘𝑘,𝛼𝛼𝑠𝑠+1, 𝑞𝑞𝑠𝑠𝑠𝑠,𝑠𝑠+1, 𝑞𝑞𝑓𝑓𝑓𝑓,𝑠𝑠+1�𝑜𝑜𝑠𝑠𝑠𝑠,≤𝑠𝑠+1, 𝑜𝑜𝑓𝑓𝑓𝑓,≤𝑠𝑠+1,𝑅𝑅𝑅𝑅≤𝑠𝑠+1� ∝ 𝑝𝑝�𝑜𝑜𝑠𝑠𝑠𝑠,𝑠𝑠+1, 𝑜𝑜𝑓𝑓𝑓𝑓,𝑠𝑠+1,𝑅𝑅𝑅𝑅𝑠𝑠+1�𝑞𝑞𝑠𝑠𝑠𝑠,𝑠𝑠+1, 𝑞𝑞𝑓𝑓𝑓𝑓,𝑠𝑠+1� 

���𝑝𝑝�𝑘𝑘,𝛼𝛼𝑠𝑠 , 𝑞𝑞𝑠𝑠𝑠𝑠,𝑠𝑠 , 𝑞𝑞𝑓𝑓𝑓𝑓,𝑠𝑠�𝑜𝑜𝑠𝑠𝑠𝑠,≤𝑠𝑠 , 𝑜𝑜𝑓𝑓𝑓𝑓,≤𝑠𝑠 ,𝑅𝑅𝑅𝑅≤𝑠𝑠�𝑝𝑝(𝛼𝛼𝑠𝑠+1|𝛼𝛼𝑠𝑠 ,𝑘𝑘)𝑑𝑑𝛼𝛼𝑠𝑠� 𝑝𝑝�𝑞𝑞𝑠𝑠𝑠𝑠,𝑠𝑠+1�𝑞𝑞𝑠𝑠𝑠𝑠,𝑠𝑠 ,𝛼𝛼𝑠𝑠�𝑝𝑝�𝑞𝑞𝑓𝑓𝑓𝑓,𝑠𝑠+1�𝑞𝑞𝑓𝑓𝑓𝑓,𝑠𝑠 ,𝛼𝛼𝑠𝑠�𝑑𝑑𝑞𝑞𝑠𝑠𝑠𝑠,𝑠𝑠𝑑𝑑𝑞𝑞𝑓𝑓𝑓𝑓,𝑠𝑠 

 
The updating process for the Stroop model is given by 
 
𝑝𝑝�𝑘𝑘,𝛼𝛼𝑠𝑠+1, 𝑞𝑞𝑠𝑠,𝑠𝑠+1�𝑜𝑜𝑠𝑠,≤𝑠𝑠+1,𝑅𝑅𝑅𝑅≤𝑠𝑠+1�

∝ 𝑝𝑝�𝑜𝑜𝑠𝑠,𝑠𝑠+1,𝑅𝑅𝑅𝑅𝑠𝑠+1�𝑞𝑞𝑠𝑠,𝑠𝑠+1�� ��𝑝𝑝�𝑘𝑘,𝛼𝛼𝑠𝑠 , 𝑞𝑞𝑠𝑠,𝑠𝑠�𝑜𝑜𝑠𝑠,≤𝑠𝑠,𝑅𝑅𝑅𝑅≤𝑠𝑠�𝑝𝑝(𝛼𝛼𝑠𝑠+1|𝛼𝛼𝑠𝑠 ,𝑘𝑘)𝑑𝑑𝛼𝛼𝑠𝑠� 𝑝𝑝�𝑞𝑞𝑠𝑠,𝑠𝑠+1�𝑞𝑞𝑠𝑠,𝑠𝑠 ,𝛼𝛼𝑠𝑠�𝑑𝑑𝑞𝑞𝑠𝑠,𝑠𝑠 

 
For MSIT, the likelihood function is given as: 
 
𝑝𝑝�𝑜𝑜𝑠𝑠𝑠𝑠,𝑠𝑠+1, 𝑜𝑜𝑓𝑓𝑓𝑓,𝑠𝑠+1,𝑅𝑅𝑅𝑅𝑠𝑠+1�𝑞𝑞𝑠𝑠𝑠𝑠,𝑠𝑠+1, 𝑞𝑞𝑓𝑓𝑓𝑓,𝑠𝑠+1� = �1 − �𝑜𝑜𝑠𝑠𝑠𝑠,𝑠𝑠+1 − 𝑞𝑞𝑠𝑠𝑠𝑠,𝑠𝑠+1���1 − �𝑜𝑜𝑓𝑓𝑓𝑓,𝑠𝑠+1 − 𝑞𝑞𝑓𝑓𝑓𝑓,𝑠𝑠+1��𝑝𝑝𝐷𝐷𝐷𝐷𝐷𝐷 

 
For Stroop, the likelihood function is given as: 
 

𝑝𝑝�𝑜𝑜𝑠𝑠,𝑠𝑠+1,𝑅𝑅𝑅𝑅𝑠𝑠+1�𝑞𝑞𝑠𝑠,𝑠𝑠+1� = �1 − �𝑜𝑜𝑠𝑠,𝑠𝑠+1 − 𝑞𝑞𝑠𝑠,𝑠𝑠+1��𝑝𝑝𝐷𝐷𝐷𝐷𝐷𝐷 
 
Alternative Bayesian models 
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We considered three alternative classes of models: 1) DDM without conflict probability estimation 
(“no conflict prob.” model); 2) DDM with conflict probability estimated using deterministic 
learning rule controlled by one learning rate parameter (“RL” model); 3) DDM with point 
estimates of conflict probability (estimated separately without using RT, “point estimate” model); 
4) DDM with conflict on the previous trial (“prev. conflict” model). Same as in the full model, 
conflict probability influences RT through drift rate bias coefficients in models 2 - 4. For the “no 
conflict prob.” model, we assumed that the subject did not estimate conflict probability at all; all 
the DDM parameters from the full model are used except for the 𝐶𝐶𝐶𝐶 𝑐𝑐𝑜𝑜𝐵𝐵𝑐𝑐𝑐𝑐s.  For the “RL” model, 
we constructed a value function corresponding to the estimated conflict probability, and this 
estimate is also updated trial-by-trial using a Rescorla-Wagner rule. For MSIT, the update rule is: 
 

𝑞𝑞𝑠𝑠𝑠𝑠,𝑠𝑠+1 = 𝑞𝑞𝑠𝑠𝑠𝑠,𝑠𝑠 + 𝛼𝛼�𝑜𝑜𝑠𝑠𝑠𝑠,𝑠𝑠 − 𝑞𝑞𝑠𝑠𝑠𝑠,𝑠𝑠� 
 

𝑞𝑞𝑓𝑓𝑓𝑓,𝑠𝑠+1 = 𝑞𝑞𝑓𝑓𝑓𝑓,𝑠𝑠 + 𝛼𝛼�𝑜𝑜𝑓𝑓𝑓𝑓,𝑠𝑠 − 𝑞𝑞𝑓𝑓𝑓𝑓,𝑠𝑠� 
 
For Stroop, the update rule is: 
 

𝑞𝑞𝑠𝑠,𝑠𝑠+1 = 𝑞𝑞𝑠𝑠,𝑠𝑠 + 𝛼𝛼�𝑜𝑜𝑠𝑠,𝑠𝑠 − 𝑞𝑞𝑠𝑠,𝑠𝑠� 
 
The learning rate parameter 𝛼𝛼, together with all DDM parameters (same as in the full model) were 
estimated using Bayesian inference.  
 
For the “point estimate” model, 𝑞𝑞𝑠𝑠, 𝑞𝑞𝑠𝑠𝑠𝑠, 𝑞𝑞𝑓𝑓𝑓𝑓 were first estimated without RT (only conflict sequence 
is used) and the posterior means for each of these parameters were computed, and then they were 
used in estimating the same sets of DDM parameters (including the 𝐶𝐶𝐶𝐶 𝑐𝑐𝑜𝑜𝐵𝐵𝑐𝑐𝑐𝑐s) as in the full 
model. By comparing this model with the full model one can show that the full distribution of 
conflict probability is useful in predicting RT, consistent with the neuronal selectivity for CP (Fig. 
3B). 
 
 
Bayesian logistic regression model for trial outcomes 
 
The DDM takes use of trial outcomes (one bound represented the error response while another 
represented the correct response) and the fact that conflict probability had significant effects on 
RT as tested in the full model suggested that the estimated model parameters could explain error 
rates as well as RT distributions on correct trials and on error trials in our data. We additionally 
tested whether conflict probability estimation could still explain error likelihood without using a 
DDM (no RT is used). For this, Bayesian logistic regression models were constructed. We used 
similar parameterization as in the full model: each conflict condition has its own regression 
coefficients, and the 𝐶𝐶𝐶𝐶 𝑐𝑐𝑜𝑜𝐵𝐵𝑐𝑐𝑐𝑐s are again assumed to be a function of whether a certain type of 
conflict (Simon, Flanker and Stroop) is present or not. The conflict probability and these regression 
coefficients were jointly estimated, similar to the full Bayesian DDM model.  
 
Bayesian inference and model checking 
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Model parameters from all behavioral models listed above were estimated in a hierarchical 
Bayesian framework. In this approach, individuals and group parameters are estimated jointly, so 
that they are mutually constrained; DDM model parameters have been shown to be better 
recovered (84). For each of the DDM parameters, we modelled with a group-level parameter and 
a by-session random effect (assumed to be mean-zero normal distribution with an individualized 
variance term). Bound separation and non-decision time are assumed to be log-normally 
distributed. The posterior distributions of the group-level parameters are summarized in Fig. 1E, 
and Fig. S1. The statistical significance of the drift rates and drift rate bias coefficients were 
determined directly from the posterior distribution of the group-level parameters, by computing 
the probability that the parameter is greater or smaller than another parameter, or than zero.  
 
Posterior distributions of model parameters are jointly estimated using Hamiltonian Monte Carlo 
(HMC) (88, 89). We performed posterior predictive checks (90) to ensure that the full models were 
appropriate for the error and correct RT distributions in both MSIT and the Stroop task. To ensure 
that the full models are identifiable, we performed parameter recovery analyses (83, 84). We first 
generated 20 sessions of conflict sequence with 200 trials each, which is a sample size smaller than 
our real data sets but optimized for computational feasibility (a total of 4000 trials). These conflict 
sequences were then fitted with basic conflict probability estimation model. For each of the DDM 
parameters, we chose two values (with mean-zero Gaussian noise added) and generated 80 random 
combinations. Each of these sets of parameters, and the posterior means of the conflict probability 
on each trial, were used to simulate RT. RT simulated this way would be correlated with the 
estimated conflict probability from the conflict sequence alone, and this is for testing whether the 
full model can recover the simulated 𝐶𝐶𝐶𝐶 𝑐𝑐𝑜𝑜𝐵𝐵𝑐𝑐𝑐𝑐s.  
 
Model comparisons between the full models and the alternative models were performed with an 
approximation to leave-one-out (LOO) cross-validation (91). The expected log pointwise 
predictive density (ELPD) value for each model is summarized in Table S2. The model weights 
(probability of each model (among the compared model) given the data) assigned by this procedure 
are summarized in Table S3.  
 
Trial-by-trial measure of post-error slowing (PES) 
 
For each error trial 𝑇𝑇, we extracted the trial-by-trial PES as 𝑅𝑅𝑅𝑅𝑠𝑠+1 − 𝑅𝑅𝑅𝑅𝑠𝑠−1. We only used the subset 
of trials in which the conflict label on trial 𝑇𝑇 matched that on trial 𝑇𝑇 − 1 to make sure that the RT 
difference was not affected by conflict effects. For MSIT, the conflict label is determined by either 
Stroop or Flanker.  
 
 
Selection of neurons 
 
We defined the epochs of interests according to events in the tasks (Fig. 3A). The baseline epoch 
starts at 1.5s before stimulus onset and ends at stimulus onset. This epoch is used to analyze 
encoding of conflict probability from the previous trial. The ex-ante epoch is anchored to the 
midpoint of a period of time starting at stimulus onset and ending at the time of button presses. 
We then defined the ex-ante epoch as a 500ms window centered on the midpoint of this period. 
The rationale for analyzing conflict signals in this epoch is as follows: at the early stage of stimulus 
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processing, information about the different response options is not yet fully processed and hence 
minimal conflict; the conflict signal should reach its maximum when the different stimulus 
dimensions that drive competing responses are fully available; and finally, it should subside after 
a response is selected. We counted the number of spikes in these epochs and correlated the spike 
counts with different variables (error, conflict, conflict surprise, conflict probability) using 
Spearman’s rank correlation. For each variable, we extracted a p value from the correlation. A 
neuron was deemed selective for this regressor when p < 0.05. For MSIT, since there were both 
Simon and Flanker conflicts, neurons were selected when variables related to either Simon or 
Flanker conflict were significant (e.g., ex-ante conflict cells in MSIT were the union of neurons 
selective for Simon conflict and Flanker conflict during the ex-ante epoch). To assess whether a 
neuronal class is significantly present in the population, we derive a null distribution by permuting 
the relation between spike counts and the regressor of interest for 1000 times. A p value is 
computed by comparing the true proportion of selected neurons against this null distribution. The 
95th interval of the null distribution for each neuronal class is plotted as dotted lines in Fig. 3B and 
Fig. S3A-B. To statistically compare the extent of multiplexing between two groups of cells active 
in different epochs (Fig. 3D), we used the chi-squared test and reported the p-value and effect size 
of the test.  
 
 
Definition of conflict probability (CP) in different ROIs for neuronal analyses 
 
The estimated conflict probability used to select neurons during baseline is that from the previous 
trial, because for the current trial conflict is not yet revealed. These neurons selected during 
baseline can be thought of maintaining the past-trial CP until the start of the next trial and are thus 
the ones with the long time constants. Once the current trial is performed (following button press), 
this estimate is updated and becomes “current-trial” conflict probability. We thus analyzed coding 
of this “current-trial” CP only using neuronal data from the ex-post epochs. Unless specified, we 
referred to “conflict probability” or “CP” coding as the coding of current-trial CP during ex-post 
epochs. 
 
 
Single-trial spike train latency 
 
We estimated the onset latency in individual trials using Poisson spike-train analysis (Fig. 3E) 
(92). This method detects the moments when the observed inter-spike intervals (ISI) deviate 
significantly from that assumed by a constant-rate baseline Poisson process. We used the spike 
rate averaged across the whole block of experiment as a baseline spike rates for each neuron. This 
baseline rate was then used to compute a Poisson surprise metric across the spike train. We started 
our detection algorithm from the onset of stimulus for each trial. For the ex-ante conflict neurons 
(two columns on the left), we restricted the range in which the detection algorithm looks for bursts 
to after stimulus onset and before button presses. This is because, by their definition, ex-ante 
conflict neurons carried a conflict signal before action. For the ex-post conflict neurons (two 
columns on the right), we restricted the range to 200ms before button presses and before end of 
trial. We then extract the latency of the first significant burst. The statistical threshold for detecting 
an onset was p < 0.01. Repeating the same procedure with a threshold of p < 0.001 did not affect 
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our conclusions. For these analyses, we only used the conflict trials as we focused on the single-
trial conflict response of selected conflict-encoding neurons. 
 
Detrended fluctuation analysis 
 
Detrended fluctuation analysis (DFA) was first developed by Peng et al. (93, 94) to quantify self-
similarity in time series data. We use DFA to quantify the self-similarity in baseline spike counts 
on the scale of trials.  First, the cumulative sum of the spike counts during baseline was computed. 
To be consistent with prior literature we refer to this cumulative sum as the signal profile. A set of 
trial window sizes were defined between the lower bound of 4 trials and the upper bound of the 
block length. For each window size, we then partitioned the signal profile into a series of data 
snippets. Partitioning was done such that two adjacent snippets had an overlap of half the window 
size. We then removed the linear trend from each data snipped (using least square regression) and 
computed the standard deviation across time. The mean of the standard deviations across all 
snippets of identical window size was then computed (y axis of Fig. S4F).  Finally, the mean 
standard deviations were regressed linearly against the logarithmically scaled time windows and 
the slope was extracted as the DFA α value (Fig. S4F shows the fluctuations as a function of 
logarithmically transformed trial window sizes for two example neurons). 
 
For Fig S4A-B, we tested the relation between a neuron’s baseline DFA α value and its tendency 
to encode conflict probability. To avoid selection bias, we split trials into two sets of equal size, 
with one half consisting of a consecutive run of trials. This is because DFA is used for time series 
data and thus required the data be consecutive and temporally ordered. For randomization, we first 
randomly sampled one trial from the first half of the block. Then a consecutive run of trials starting 
with this randomly picked trial as the starting point were extracted. The consecutive set was used 
to compute DFA α value while the rest of the trials were used to correlate with conflict probability 
(from the previous trial) using Spearman rank correlation.  
 
Decoding analysis (Support-vector machine) (Figs. S5, S6, S7, S8) 
 
Using the same soft normalization reported in (95), spike counts from each neuron were divided 
by the square root of the maximum spike count across all bins and conditions. Normalized data 
were aggregated from different experimental sessions to create pseudo-population data matrices. 
We constructed for each trial a peri-stimulus time histogram (PSTH) using 500ms bins in steps of 
25ms. Since different behavioral sessions had different number of trials (some subjects participated 
in less sessions than the others), we subsampled the same number of trials from each condition for 
each neuron and repeat this process 50 times. 
For error decoding (Fig. S5A-B, S6A-B), we subsampled 10 error trials and 10 correct conflict 
trials for Stroop and 10 correct sf trials for MSIT. Since most errors occurred on high conflict 
trials, these contrasts isolate the effect of error while controlling for the effect of conflict.  
For conflict decoding (Fig. S5C-E, S6C-E), we subsampled 30 trials from each conflict conditions: 
conflict and non-conflict trials for Stroop; Simon and non-Simon trials, Flanker and non-Flanker 
trials for MSIT.  
For conflict probability (Fig. S7), trials were binned by quartiles of conflict probability into four 
bins (“levels”) separately. For each pair of levels, one decoder was trained and tested. This analysis 
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used baseline data and CP levels before updating, or ex-post epoch data and labels from the 
updated CP levels (ROIs). 
For previous conflict decoding (Fig. S8A-C), we subsampled 30 trials from each previous conflict 
conditions: trials with one trial back being either conflict or non-conflict trials for Stroop; trials 
with one trial back being either Simon or non-Simon trials, trials with one trial back being either 
Flanker or non-Flanker trials for MSIT. 
For each time bin or ROI, we performed 5-fold cross validation using LIBSVM (96). We used the 
linear kernel and set the 𝑐𝑐 parameter to 1 for all analyses. In brief, trials were first randomly split 
into 5 equal parts; each part was used in turn as the testing data while the rest of the four parts were 
used as training data. Decoding accuracy was the proportion of correct classifications among the 
250 samples (50 resamples x 5 folds). Note that the resampling was done once to generate testing 
and training sets for the whole time series and used for both within-time and across-time decoding. 
For within-time decoding (All plots with dotted lines in Fig. S6 and plots within dotted frames in 
Fig. S7), the SVM classifier trained using the training data from each time bin was tested using 
the testing data from the same time bin. For cross-temporal decoding (temporal generalization; all 
plots with solid lines in Fig. S6 and plots without dotted frames in Fig. S7), the SVM classifier 
trained using the training data from each time bin were tested across the trial using testing data 
gathered from other time bins.  
 
 
Reaction times equalization 
 
For analyses shown in Fig. S10B-E, we selected a subset of trials from each condition so that the 
RTs did not differ significantly across conditions (e.g., equalizing RTs between conflict and non-
conflict trials in the Stroop data). Here we detail the RT equalization procedure we used to create 
“RT equalized sets”. We first selected a condition as the “anchor” condition. We sorted the RTs 
of the anchor condition, and for each RT we searched in the target (to-be-equalized) condition(s) 
for a trial whose RT did not differ from the anchor RT by more than 0.1s. If all RTs in the target 
condition differed from the anchor RT by > 0.1s, the anchor RT was not included in the RT 
equalized set. Once selected, the anchor RT and the target RT were both removed from the original 
set to ensure that no trials were included twice in any RT equalized trial sets.  This procedure was 
repeated until one of the conditions considered were emptied. We confirmed post hoc that RT 
equalization was successful by testing whether RTs were not significantly different using ANOVA 
(p > 0.5 for all the RT equalized sets).  
 
 
Decoding analysis (population activity vectors and demixed PCA) 
 
Using the same soft normalization reported in (95), spike counts from each neuron were divided 
by the square root of the maximum spike count across all bins and conditions. Normalized data 
were aggregated from different experimental sessions to create a pseudo-population. We randomly 
selected one trial for each neuron from one condition and concatenate the data across neurons to 
form a single-trial testing data matrix. The rest of the trials were averaged for each condition and 
concatenated to form a training data matrix (“training means”). Coding dimensions were defined 
based on the condition-averaged training data. To define the coding dimensions used to decode 
conflict conditions within MSIT, we used the population activity vectors (a high dimensional 
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vector in the raw firing rate space) defined by subtracting between the two training means. To 
define coding dimensions for the cross-task decoding problems (except in Fig. S12, in which cross-
task decoding was evaluated by training in each task separately) we used dPCA to extract demixed 
principal components (dPC). Details of which trials were used to define the coding dimensions are 
given in the sections to follow. Both testing and training data were projected onto the identified 
coding dimensions. The labels for testing data were assigned according to the label of the nearest 
neighbor of the training data. To test condition generalization, we projected the testing data from 
one pair of conditions to a coding dimension defined by another pair of conditions (e.g., a Simon 
trial and non-Simon trial projected to the population vector flanked by Flanker and non-Flanker 
training means) and classified using the labels of the nearest projected training data. This decoding 
procedure was repeated 1000 times (resulting in 1000 single-trial testing data matrices and the 
corresponding training data matrices), and the decoding accuracy was defined by the proportion 
of correct classifications among these 1000 repetitions. To determine statistical significance, we 
permuted the trial labels for 500 times and for each permutation, we repeated all above steps to 
generate a null distribution. A p-value was computed from comparing the true decoding accuracy 
with the null distribution. 
 
Pseudo-population matrices for MSIT state space analyses 
 
Using the same soft normalization reported in (95), spike counts from each neuron were divided 
by the square root of the maximum spike count across all bins and conditions. Normalized data 
were used to form pseudo-population matrices. For Fig. 4E-G, trials were binned by quartiles of 
conflict probability (CP) into four bins (“levels”) separately. However, because conflict probability 
was updated after each button press, binning CP from the last trial does not guarantee that the 
updated CP on the current trial would fall into the same bins. This is because updating is specific 
to each behavioral session and thus differs between neurons. Averaging trials using only bins 
formed by CP quartiles before updating would thus mix trials with different CP levels after 
updating for each neuron. To avoid this problem, we thus formed the data matrix (which now 
includes the time dimension rather than a single ROI; spikes were counted in 500ms bins swept 
across the whole trial in steps of 25ms; spike trains were aligned to button presses) by 
concatenating two submatrices: one that was constructed by averaging trials within bins defined 
by prior quartiles using data before button presses, and one that was constructed from averaging 
trials within bins defined by posterior quartiles for  neural data after the button press. We then used 
PCA to find the three PCs that explained the most variance for this matrix. The concatenated data 
matrix was then projected onto these PCs to generate the visualization of trajectory corresponding 
to CP levels.  
 
Population coding dimensions for conflicts within MSIT 
 
We next describe how coding dimensions were defined in each case using population activity 
vectors in the raw firing rate space. For Fig. 4B, the coding dimension was the population vector 
flanked by the training means of sf and non-conflict trials (Fig. 4A, dashed lines). Classifications 
were carried out between pairs of conflict conditions (e.g., between si and fl trials) as detailed 
above. For Fig 4C, we took a bin-wise approach to investigate whether Simon conflict 
representation generalize to Flanker representation, and vice versa. For this, we split trials into 
four non-overlapping groups: Simon, Flanker, non-Simon, non-Flanker trial sets. We split sf and 
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non-conflict trials randomly in half. One half of sf trials were pooled with si trials to form the 
Simon trial set, and one half of non-conflict trials were pooled with fl trials to form the non-Simon 
trial set. The other half of sf trials were then pooled with fl trials to form the Flanker trial set, and 
the other half of non-conflict trials were pooled with si trials to form non-Flanker trial set. Using 
these trial sets, for each time bin we extracted two coding dimensions from the training data: one 
population vector flanked by training means of Simon and non-Simon trials (Simon coding 
dimension), and one population vector flanked by the training means of Flanker and non-Flanker 
trials (Flanker coding dimension). We then projected the testing data from Simon and non-Simon 
trials onto the Flanker coding dimension and classified the testing data using the closest projected 
training data, and vice versa. For details of this classification procedure see above paragraph. This 
assesses the extent to which coding of Simon and Flanker conflict is abstract.  
 
Compositionality of conflict representations within MSIT 
 
For Fig. 4D, the coding dimensions were taken to be the blue and orange edges illustrated 
diagrammatically in Fig. 4A (which is only 3D for visualization purpose, but for analyses vectors 
in raw firing rate space were used instead). The purpose of this analysis is to assess to what extent 
the representation of conflict is compositional (within a task). We assumed that in the neuronal 
firing rate space, the representation of Simon/Flanker conflict is a vector pointing from non-
conflict training means to the si/fl trial training means. Compositionality of such conflict 
representation would imply that the sf representation (vector pointing from non-conflict training 
mean to the sf training mean) is equal to the vector sum of the Simon and Flanker representations. 
According to the parallelogram law, this corresponds to the blue and orange edges in Fig. 4A 
forming a parallelogram. We tested the extent of parallelism in the data using decoding. The coding 
dimensions here were defined by the following population vectors using training data: one flanked 
by non-conflict and si training means (Fig. 4A, blue), one flanked by fl and sf training means 
(blue), one flanked by fl and non-conflict training means (orange) and one flanked by si and sf 
training means (orange). Held-out testing data from conditions flanking one of the blue or orange 
pair of edges were then projected to the other edge in the pair and classified by the training data 
defining this edge. For example, single-trial testing data of non-conflict and si trials were projected 
to the coding dimension flanked by fl and sf trial averages and were classified by fl or sf trial 
averages.  
 
Relationship between single neuron tuning and the compositional conflict representations within 
MSIT 
 
For Fig. S9E-F, the goal is to investigate the relation between the nonlinearity in single neuron 
conflict coding and the deviation from compositionality in state space representation of conflict. 
We denote the state-space representation of Simon and Flanker -only conflict as the population 
vectors flanked by the trial averages of si and non-conflict and by the condition means of fl and 
non-conflict. We refer to the state space location occupied by the linear sum of Simon and Flanker 
representation defined above as “s+f”. The deviation from perfect compositionality is then given 
by the population vector flanked by “sf” and “s+f”. The loading of “sf” to the “s+f” vector reflects 
the single neuron contribution to the deviation at the population level. To quantify nonlinearity of 
conflict coding for each neuron, we first regressed the spike counts in the ex-ante or ex-post (1s) 
epochs against three fixed effects: a Simon effect (dummy variable indicating the presence or 
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absence of Simon conflict on a trial), a Flanker effect (dummy variable indicating the presence or 
absence of Flanker conflict on a trial) and the interaction term between these two. We extracted 
the F statistic related to the interaction term, which captures the effect of nonlinear mixing of 
Simon and Flanker conflict. We then extracted a population vector flanked by the sf trial average 
and and “s+f”, the sum of two population vectors one flanked by trial averages of si trials and non-
conflict trials, and one flanked by trial averages of fl trials and non-conflict trials. We then 
correlated the loading of “sf” - “s+f” vector and the F statistics from a particular neuron.  
 
Quantification of state space dynamics of CP representation 
 
For Fig. S9G-I, we binned spike counts using 250ms bins swept across the trial in steps of 10ms. 
The state-space speed was defined to be the Euclidean distance between population vectors of 
adjacent time bins divided by the step size. We averaged the state-space speed across time within 
an epoch. We also computed the Euclidean distance between pairs of trajectories (labelled by 1st 
and 2nd, 2nd and 3rd, 3rd and 4th of CP levels) and averaged this across trajectories and across time 
bins within an epoch. State-space speed and the averaged distance between trajectories were 
plotted against each other. Our method for extracting speed in state-space follows prior work (97).  
 
Testing ordinal relationship of conflict probability representation 
 
We analyzed the ordinal relation between neural projections grouped by CP levels as shown in 
Fig. S9J-L. A coding dimension (in the raw firing rate space) for CP were extracted from spike 
count data collected in ROIs (baseline for CP before updating and the ex-post epoch (0-1s after 
button presses) for updated CP). Since CP is continuously valued and differed between sessions, 
we created four trial conditions by binning the trials using CP levels. For each type of CP (Simon, 
Flanker and Stroop), we projected the held-out trial (not used for computing the coding dimension) 
onto the coding dimension for each condition; this procedure was repeated 1000 times, yielding 
1000 projected values for each trial condition. We then correlated the projected values 
(concatenated into a vector) with their trial condition labels (1st,2nd,3rd,4th CP levels). Essentially, 
we were testing whether the out-of-sample project values can reliably predict the trial condition 
they belong to assuming that the conditions were ordinal. We reported the p-value and Spearman’s 
correlation of the effect of projected values.  
For Fig. S15M-N, we tested whether the CP representation are continuously related to MFC 
neuronal activity without quantizing CP. This analysis is only possible using data from one single 
session (where the neurons are simultaneously recorded and thus shared the same trial sequence, 
and therefore also share the trial-by-trial CP values). We selected one trial as the testing trial and 
used the rest as training trials, and we repeated this leave-one-out procedure across all trials within 
the session. For each iteration, we used firing rates from MFC neurons as the regressors and the 
corresponding CP values as the response variable and extracted the weights across neurons. We 
then computed the predicted value for the held-out testing trial using the computed regression 
weights and neuronal activity on that trial and plotted this predicted value against the true CP value 
on that trial. 
 
 
Demixed Principal Component Analyses (dPCA) 
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We used dPCA to extract task-invariant representation of performance monitoring signals. We use 
“s”, “si” and “fl” to denote Stroop, Simon and Flanker conflict condition, respectively. We use 
“sf” to denote the condition where both Simon and Flanker conflict are present. Similar to before, 
data from each neuron were normalized before using for the dPCA analyses. Analyses on conflict 
and conflict probability used only correct trials. We used dPCA as described previously (56), with 
the following adaptions. The dPCA algorithm first decomposes population neural activity into 
marginalized data matrices with respect to the variables of interest. We constructed the 
marginalized population activity (referred generically as 𝑋𝑋𝜙𝜙����) with respect to error (𝑋𝑋𝑒𝑒𝑠𝑠𝑠𝑠𝑛𝑛𝑠𝑠�������� in Fig. 
5A) or conflict (𝑋𝑋𝑐𝑐𝑛𝑛𝑛𝑛𝑓𝑓𝑓𝑓𝑐𝑐𝑐𝑐𝑠𝑠�����������, Fig. 5B, Fig. S10A) by marginalizing out time and task identity 
dimensions (denoted by “〈∙〉𝑠𝑠𝑡𝑡𝑠𝑠𝑘𝑘,𝑠𝑠”).  
For interpretability, we investigated whether the neural representation is task-invariant across tasks 
separately between Stroop and Simon conflict (“𝑠𝑠 & 𝑠𝑠𝑇𝑇 𝑐𝑐𝑜𝑜𝐼𝐼𝑐𝑐𝑇𝑇𝑇𝑇𝑐𝑐𝐵𝐵” is an indicator variable marking 
the presence or absence of conflict in either tasks) and between Stroop and Flanker 
(“𝑠𝑠 & 𝑐𝑐𝑇𝑇 𝑐𝑐𝑜𝑜𝐼𝐼𝑐𝑐𝑇𝑇𝑇𝑇𝑐𝑐𝐵𝐵” is an indicator variable marking the presence or absence of conflict in either 
tasks). Set up this way, the “task” dimension captures variance related to task set differences 
(Stroop vs. MSIT). To compute marginalized averages, we use N-dimensional population activity 
 

𝑋𝑋𝑆𝑆𝑠𝑠𝑠𝑠𝑛𝑛𝑛𝑛𝑠𝑠 𝑒𝑒𝑠𝑠𝑠𝑠𝑛𝑛𝑠𝑠 & 𝐷𝐷𝑆𝑆𝑀𝑀𝑀𝑀 𝑒𝑒𝑠𝑠𝑠𝑠𝑛𝑛𝑠𝑠����������������������������� = 〈𝑑𝑑(𝐵𝐵𝑑𝑑𝑑𝑑𝑜𝑜𝑑𝑑, 𝐵𝐵𝐼𝐼𝑠𝑠𝑘𝑘, 𝐵𝐵) − �̅�𝑑(𝐵𝐵)〉𝑠𝑠𝑡𝑡𝑠𝑠𝑘𝑘,𝑠𝑠 
 

𝑋𝑋𝑠𝑠 & 𝑠𝑠𝑐𝑐 𝑐𝑐𝑛𝑛𝑛𝑛𝑓𝑓𝑓𝑓𝑐𝑐𝑐𝑐𝑠𝑠���������������� = 〈𝑑𝑑(𝑠𝑠 & 𝑠𝑠𝑇𝑇 𝑐𝑐𝑜𝑜𝐼𝐼𝑐𝑐𝑇𝑇𝑇𝑇𝑐𝑐𝐵𝐵, 𝐵𝐵𝐼𝐼𝑠𝑠𝑘𝑘, 𝐵𝐵) − �̅�𝑑(𝐵𝐵)〉𝑠𝑠𝑡𝑡𝑠𝑠𝑘𝑘,𝑠𝑠 
 

𝑋𝑋𝑠𝑠 & 𝑓𝑓𝑓𝑓 𝑐𝑐𝑛𝑛𝑛𝑛𝑓𝑓𝑓𝑓𝑐𝑐𝑐𝑐𝑠𝑠����������������� = 〈𝑑𝑑(𝑠𝑠 & 𝑐𝑐𝑇𝑇 𝑐𝑐𝑜𝑜𝐼𝐼𝑐𝑐𝑇𝑇𝑇𝑇𝑐𝑐𝐵𝐵, 𝐵𝐵𝐼𝐼𝑠𝑠𝑘𝑘, 𝐵𝐵) − �̅�𝑑(𝐵𝐵)〉𝑠𝑠𝑡𝑡𝑠𝑠𝑘𝑘,𝑠𝑠 
 
, where �̅�𝑑(𝐵𝐵) is the firing rate averaged across trials and time bins. For Figure S10B-D, these 
definitions are the same except that RT equalized trial sets were used. 
For Figure S9A-B, we sought a common coding dimension between error and conflict separately 
in MSIT and Stroop, by marginalizing out the information about time and which pair of conditions 
were contrasted (denoted by “〈∙〉𝑐𝑐𝑛𝑛𝑛𝑛𝑠𝑠𝑠𝑠𝑡𝑡𝑠𝑠𝑠𝑠,𝑠𝑠”; The “contrast” indicator, for MSIT it indicates whether 
the contrast considered is sf vs. non-conflict or error sf vs. correct sf; for Stroop it indicates whether 
the contrast considered is correct conflict vs. correct non-conflict or error vs. correct conflict). For 
Fig S9A-B, we constructed the marginalized population activity with respect to error vs conflict 
in both MSIT (𝑋𝑋𝐷𝐷𝑆𝑆𝑀𝑀𝑀𝑀 𝑒𝑒𝑠𝑠𝑠𝑠𝑛𝑛𝑠𝑠 & 𝑠𝑠𝑓𝑓������������������, 𝑀𝑀𝑀𝑀𝐼𝐼𝑅𝑅 𝐵𝐵𝑑𝑑𝑑𝑑𝑜𝑜𝑑𝑑 & 𝑠𝑠𝑐𝑐 is an indicator variable marking the presence or 
absence of errors and MSIT sf conflict) and Stroop (𝑋𝑋𝑆𝑆𝑠𝑠𝑠𝑠𝑛𝑛𝑛𝑛𝑠𝑠 𝑒𝑒𝑠𝑠𝑠𝑠𝑛𝑛𝑠𝑠 & 𝑠𝑠�������������������, 𝑀𝑀𝐵𝐵𝑑𝑑𝑜𝑜𝑜𝑜𝑝𝑝 𝐵𝐵𝑑𝑑𝑑𝑑𝑜𝑜𝑑𝑑 & 𝑐𝑐𝑜𝑜𝐼𝐼𝑐𝑐𝑇𝑇𝑇𝑇𝑐𝑐𝐵𝐵 is 
an indicator variable marking the presence or absence of errors and Stroop conflict) as follows: 
 

𝑋𝑋𝐷𝐷𝑆𝑆𝑀𝑀𝑀𝑀 𝑒𝑒𝑠𝑠𝑠𝑠𝑛𝑛𝑠𝑠 & 𝑠𝑠𝑓𝑓������������������ = 〈𝑑𝑑(𝑀𝑀𝑀𝑀𝐼𝐼𝑅𝑅 𝐵𝐵𝑑𝑑𝑑𝑑𝑜𝑜𝑑𝑑  & 𝑠𝑠𝑐𝑐, 𝑐𝑐𝑜𝑜𝐼𝐼𝐵𝐵𝑑𝑑𝐼𝐼𝑠𝑠𝐵𝐵, 𝐵𝐵) − �̅�𝑑(𝐵𝐵)〉𝑐𝑐𝑛𝑛𝑛𝑛𝑠𝑠𝑠𝑠𝑡𝑡𝑠𝑠𝑠𝑠,𝑠𝑠 
 

𝑋𝑋𝑆𝑆𝑠𝑠𝑠𝑠𝑛𝑛𝑛𝑛𝑠𝑠 𝑒𝑒𝑠𝑠𝑠𝑠𝑛𝑛𝑠𝑠 & 𝑠𝑠������������������� = 〈𝑑𝑑(𝑀𝑀𝐵𝐵𝑑𝑑𝑜𝑜𝑜𝑜𝑝𝑝 𝐵𝐵𝑑𝑑𝑑𝑑𝑜𝑜𝑑𝑑 & 𝑠𝑠, 𝑐𝑐𝑜𝑜𝐼𝐼𝐵𝐵𝑑𝑑𝐼𝐼𝑠𝑠𝐵𝐵, 𝐵𝐵) − �̅�𝑑(𝐵𝐵)〉𝑐𝑐𝑛𝑛𝑛𝑛𝑠𝑠𝑠𝑠𝑡𝑡𝑠𝑠𝑠𝑠,𝑠𝑠 
 
 
For analyses in Figs. 5C-D, S10F-H, S11G-J investigating task-invariant coding of conflict 
probability, we used data from a single ROI (baseline, ex-ante or ex-post) and hence only the task 
but not time dimension was marginalized out. For Fig. 5C, we investigate task invariance between 
Stroop conflict and MSIT sf conflict (𝑋𝑋𝑠𝑠 & 𝑠𝑠𝑓𝑓 𝑐𝑐𝑛𝑛𝑛𝑛𝑓𝑓𝑓𝑓𝑐𝑐𝑐𝑐𝑠𝑠�����������������, 𝑠𝑠 & 𝑠𝑠𝑐𝑐 𝑐𝑐𝑜𝑜𝐼𝐼𝑐𝑐𝑇𝑇𝑇𝑇𝑐𝑐𝐵𝐵is an indicator variable 
indicating the presence or absence of Stroop conflict and MSIT sf conflict): 
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𝑋𝑋𝑠𝑠 & 𝑠𝑠𝑓𝑓 𝑐𝑐𝑛𝑛𝑛𝑛𝑓𝑓𝑓𝑓𝑐𝑐𝑐𝑐𝑠𝑠����������������� = 〈𝑑𝑑(𝑠𝑠 & 𝑠𝑠𝑐𝑐 𝑐𝑐𝑜𝑜𝐼𝐼𝑐𝑐𝑇𝑇𝑇𝑇𝑐𝑐𝐵𝐵, 𝐵𝐵𝐼𝐼𝑠𝑠𝑘𝑘) − �̅�𝑑(𝐵𝐵)〉𝑠𝑠𝑡𝑡𝑠𝑠𝑘𝑘 

 
For analyses in Fig. S10E, this definition the same except that RT equalized trial sets were used. 
 
Here again for interpretability, we investigated task invariance between Stroop and Simon conflict 
probability (Figs. 5D, S10G, S11G,I) and between Stroop and Flanker conflict probability (Fig. 
S10F,H, S11H,J)  separately (e.g., 𝑋𝑋𝑠𝑠 & 𝑠𝑠𝑐𝑐 𝐶𝐶𝐶𝐶�����������, 𝑠𝑠 & 𝑠𝑠𝑇𝑇 𝐶𝐶𝐶𝐶 is an dummy variable marking the 1st and 
4th levels of Stroop and Simon conflict probability; 𝑋𝑋𝑠𝑠 & 𝑓𝑓𝑓𝑓 𝐶𝐶𝐶𝐶)������������, 𝑠𝑠 & 𝑐𝑐𝑇𝑇 𝐶𝐶𝐶𝐶 is an dummy variable 
marking the 1st and 4th levels of Stroop and Flanker conflict probability: 
 

𝑋𝑋𝑠𝑠 & 𝑠𝑠𝑐𝑐 𝐶𝐶𝐶𝐶����������� = 〈𝑑𝑑(𝑠𝑠 &𝑠𝑠𝑇𝑇 𝐶𝐶𝐶𝐶, 𝐵𝐵𝐼𝐼𝑠𝑠𝑘𝑘) − �̅�𝑑(𝐵𝐵)〉𝑠𝑠𝑡𝑡𝑠𝑠𝑘𝑘 
 

𝑋𝑋𝑠𝑠 & 𝑓𝑓𝑓𝑓 𝐶𝐶𝐶𝐶����������� = 〈𝑑𝑑(𝑠𝑠 &𝑐𝑐𝑇𝑇 𝐶𝐶𝐶𝐶, 𝐵𝐵𝐼𝐼𝑠𝑠𝑘𝑘) − �̅�𝑑(𝐵𝐵)〉𝑠𝑠𝑡𝑡𝑠𝑠𝑘𝑘 
 
The algorithm then finds encoding (𝐹𝐹𝜙𝜙) and decoding (𝐷𝐷𝜙𝜙) matrices separately for each 
marginalized averages using the regularized reduced-rank regression: 
 

𝐿𝐿𝜙𝜙 = �𝑋𝑋𝜙𝜙���� − 𝐹𝐹𝜙𝜙𝐷𝐷𝜙𝜙𝑋𝑋��
2 + 𝜇𝜇�𝐹𝐹𝜙𝜙𝐷𝐷𝜙𝜙�

2
 

 
We assigned a fixed regularization coefficient 𝜇𝜇 to avoid overfitting (𝜇𝜇 =  6𝐵𝐵−6 determined from 
results reported in (56)). We used the columns of 𝐷𝐷𝜙𝜙 as the demixed principal components (dPC) 
and projected N-dimensional data (single-trial data for testing and trial-averaged data for training) 
to these dPCs. The numerical values of 𝐷𝐷𝜙𝜙 reflects the contribution for each neuron to task-
invariant representation.  
  
To test the statistical significance of coding dimensions, we randomly chose one trial for each trial 
type (e.g., one error trial and one correct trial) and constructed a single-trial activity matrix 𝑋𝑋𝑠𝑠𝑒𝑒𝑠𝑠𝑠𝑠. 
We then used the remaining trials to form the trial-averaged training data 𝑋𝑋𝑠𝑠𝑠𝑠𝑡𝑡𝑐𝑐𝑛𝑛��������, which is used to 
find the dPCA coding dimensions. The held-out single-trial data 𝑋𝑋𝑠𝑠𝑒𝑒𝑠𝑠𝑠𝑠 is then projected onto the 
first coding dimension that captures the most variance computed from 𝑋𝑋𝑠𝑠𝑠𝑠𝑡𝑡𝑠𝑠𝑛𝑛, and classified 
according to the closest class mean. We repeated this procedure 1000 times and determined the 
decoding accuracy as the proportion of correct classification among the 1000 test trials. We then 
generated the null distribution by shuffling the trial labels and then repeated the decoding 
procedure 500 times. For Fig. 5C-D, S10E-H, statistical significance is determined by comparing 
the true decoding accuracy with this null distribution. For Fig. 5A-B, S9A-B, S10A-D, S11A-F, 
statistical significance is determined by the cluster-based permutation test using this null 
distribution (98). The fraction of explained variance (Vertical colored bars in Fig. 5A-D, S10A-H) 
for each marginalization is given by: 
 

𝑅𝑅𝜙𝜙2 =
�𝑋𝑋𝜙𝜙�����

2 − �𝑋𝑋𝜙𝜙���� − 𝐹𝐹𝜙𝜙𝐷𝐷𝜙𝜙𝑋𝑋��
2

�𝑋𝑋𝜙𝜙�����
2  

 
Single-neuron contribution to task-invariant coding dimensions 
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For Figs. 5E-F, S13 and S14, we classified neurons by the extent of task invariance in their coding 
profile. First, spike counts from two tasks were correlated with performance monitoring variable 
within each task separately using Spearman’s correlation. The data from two tasks then were 
aggregated and correlated with a given performance monitoring variable while controlling for a 
task-identity dummy variable (0: Stroop, 1: MSIT), using Spearman’s partial correlation. The 
partial correlation coefficients were referred to as the “single-neuron coding strength” and used in 
the scatter plots in Figs. 5E-F and S13, S14. Neurons with significant performance monitoring 
variable (after partialing out task identity) were labelled “task-invariant”; Those that were not 
significant but had significant correlation when only Stroop or MSIT data were used were labelled 
“task-dependent”. Neurons without any significant correlation with the performance monitoring 
variable (not within each task or when data from both tasks were pooled) were named “others”.  
 
Performance monitoring variables can be error (error in either task is marked 1 and correct trials 
in either task is marked 0), conflict (conflict in either task is marked 1 and non-conflict in either 
task is marked 0), conflict probability (1st level in either task is marked 0 and 4th level in either 
task is marked 0). 
 
 
Permutation-based feature importance for dPCA (Fig. S14) 
 
For each neuron used in the dPCA, we assessed its importance in dPCA decoding by permuting 
single-trial spike count data from that neuron only while keeping all the rest unchanged. For each 
permutation, we constructed a task-invariant dPCA coding dimension and used it to decode held-
out trial labels for variables of interest. This process was repeated for 20 times. The feature 
importance is computed as decoding accuracy using unpermuted data – averaged decoding 
accuracy across 20 permutations. Only data from ROI are used in this analysis (no time course).  
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Supplementary Figures 
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Figure S1 Behavioral models (Posterior plots of model parameters).  
Statistical significance of each model parameter is determined by computing the probability that the one parameter is 
greater than the other using the full posterior distribution. Error bars show the high-density interval (HDI). 
 
(A) Model estimates from models (left: MSIT, right: Stroop) that only use point estimates (mean) of conflict 
probability rather than the full distribution. The conflict probability is first estimated without RT, and the posterior 
means are then used in estimating the DDM parameters using RT data. These models performed worse than the full 
model where the whole distribution of conflict probability is used (see Table S2 and S3 for comparison).  
(B) Relationship between conflict probability estimation and error likelihood in a given trial. Shown are the model 
estimates from a Bayesian logistic regression model in both tasks (left: MSIT, right: Stroop). Conflict probability (CP) 
is a significant predictor of whether a trial will be answered correctly or incorrectly on conflict but not non-conflict 
trials (RT is not used in this model). Negative values indicate a reduction in error likelihood.  
(C) Full model estimates for behavioral control subjects for the MSIT task (“mTurk data”).  
(D-E) RTs in MSIT (D) and Stroop (E) tasks. Each dot is one session.  
(F-G) Proportion of trials that have a RT that is shorter than the end of the ex-ante epoch is small (negative values in 
histogram; percentage values shown in title). Results remains unchanged after removing these trials.  
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Figure S2. Posterior predictive checks and parameter recovery analyses.  
 
(A) Posterior predictive checks for MSIT and Stroop full model. Shown is the distribution of RTs experimentally 
observed (black), as well as the posterior predictive distributions (blue shows individual runs, dashed line is mean). x 
axis is RT in seconds, with negative and positive values denoting error and correct trials, respectively. y axis is 
probability. 
(B) Parameter recovery for MSIT model. X axis shows simulated parameter values, y axis shows recovered parameter 
estimates. Each dot is a different simulation. The parameter recovered is indicated in the title.  
(C) Same as in (B) but for Stroop model.  
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Figure S3. Neuronal selection by area and time course of conflict probability updating.  
 
(A) Percentages of significant neurons in dACC (left) and pre-SMA (right) in MSIT. 
(B) Percentages of significant neurons in dACC (left) and pre-SMA (right) in Stroop task. 
Dotted lines represent 2.5th and 97.5th percentiles of the null distribution obtained from permutation. For all groups 
shown, p < 0.001. Patterns of neuronal selection are similar between dACC and pre-SMA. 
(C-E) Time course of updating of estimated conflict probability. Shown is the correlation between the neural updating 
(FR(t) – FR(baseline)) and the numerical values of behavioral updating (current CP – previous CP) Plotted is the 
average correlation across all conflict probability (baseline) neurons as a function of time. Significant time bins are 
emboldened (FDR corrected q = 0.05). 
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Figure S4. Long-range temporal correlation of conflict probability neurons. 
 
(A) DFA α values for different groups of neurons (left), and correlation between DFA α value and the coding strength 
of prior (right). Coding strength is assessed by the F statistic computed from regressing conflict probability against 
baseline spike counts. DFA values are calculated at baseline. Separate data were used to compute the α value and 
conflict probability coding strength to avoid selection bias. Conflict probability neurons have significant larger α 
values than any other groups (p < 0.001, ANOVA). The coding strength of conflict probability was correlated with 
the α value (r = 0.24, p < 0.001).  
(B) same as in (A) but for the Stroop task.  
(C-F) Two example neurons (one orange one gray), showing waveforms (C), autocorrelation (D), power spectrum 
(E), and fluctuation (F) as a function of time intervals used to compute DFA α value (slope). The neuron with narrower 
spike width has higher DFA a value (r = -0.19, p < 0.001).  
(G) DFA a value is negatively correlated with spike width for MFC neurons (left) in MSIT. Conflict probability 
neurons have significantly narrower spikes than other neurons (right).   
(H) same as in (G) but for the Stroop task. 
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Figure S5. Population decoding of error and conflict shown separately for the dACC and the pre-SMA.  
 
(A-E) Population decoding accuracy for MSIT error (A), Stroop error (B), Simon conflict (C), Flanker conflict (D), 
Stroop conflict (E).  Black traces are from the dACC data and grey traces are from the pre-SMA data. Horizontal bars 
at the top demarcate significant cluster as determined by the cluster-based permutation test (p < 0.05). Overall 
dynamics are similar between the dACC and the pre-SMA, though the decoding accuracy on average is lower in the 
dACC.  
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Figure S6. Temporal dynamics and cross-temporal generalization of error and conflict 
 
(A-E) Decoding accuracy as a function of time for MSIT error (A), Stroop error (B), Simon conflict (C), Flanker 
conflict (D) and Stroop conflict (E). The three panels show data aligned to stimulus onset (“Stim”), midpoint between 
100ms after stimulus onset and button presses (“MP”), button press onset (“BP”). Dotted gray trace represents within-
time decoding accuracy, i.e., the data from the same epoch were used to train and test a decoder. Green, blue and 
orange traces represent decoding accuracy of decoders trained with data from the epochs demarcated by shading with 
the same hue, which is a test of the cross-temporal generalization of these decoders. Horizontal bars demarcate the 
extent of significant clusters in time as determined by the cluster-based permutation test (p < 0.5).   
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Figure S7. Temporal dynamics and cross-temporal generalization of conflict probability. 
 
(A-F) Decoding accuracy for classifying between pairs of Simon (A-B) Flanker (C-D) and Stroop (E-F) conflict 
probability (CP) levels at baseline and during the ex-post period. Levels are determined by quartile bins of the conflict 
probability on the previous trials (used for the baseline data) or the current trial (used for the ex-post data). Color bars 
show decoding accuracy. Dotted frames mark the within-time decoding results, plots without dotted frames showed 
results from temporal generalization between baseline and ex-post periods. Decoders that classify CP levels from the 
last trial are trained using baseline spike counts (-1.5-0s relative to stimulus onset), whereas decoders that classify 
current-trial CP are trained using ex-post spike counts (0-2s after button press). To test temporal generalization of 
these decoders, baseline trained decoders are tested with ex-post data and labels, and vice versa.  
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Figure S8. Encoding of previous conflict and post-error slowing. 
 
(A-C) Population decoding of Simon (A), Flanker (B), Stroop (C) on the immediately preceding trial in different 
epochs. Dotted lines show 97.5% percentile from the null distribution (permutation). During baseline, there is 
significant coding of past trial conflict as expected from the persistence of ex-post conflict signals. Coding of the past 
trial conflict was non-significant during all other epochs except for past trial Stroop conflict in the early ex-post epochs.  
(D) Subjects slowed down their RT in trials that followed errors. Shown is the extent of post-error slowing (PES) as 
estimated using a trial-by-trial measure (see methods). Mean PES was 40±1ms and 44±1ms in Stroop and MSIT, 
respectively. Each dot is an error trial. 
(E) Correlation between the activity of error neurons and the extent of PES. Shown are the correlation coefficients 
between spike counts (in the ex-post epoch) of error neurons on error trials, and the trial-by-trial PES measure. Error 
neurons were selected in Stroop, MSIT separately, and again using data pooled across tasks (“Cross-task”, partial 
correlation with trial outcome controlling for task ID). The mean correlations did not differ significantly from zero in 
all cases. Each dot is a neuron. 
 
*p < 0.05, ** p < 0.01, *** p < 0.001, n.s., not significant (p > 0.05 or not significant determined using FDR). 
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Figure S9. Common coding dimensions for error and conflict and MSIT state space analyses.  
 
(A) A common population coding dimension for error and conflict in MSIT. This coding dimension is extracted using 
dPCA, using an error contrast (error “sf” trials vs. “sf” trials) and a conflict contrast (“sf” trials vs. no conflict). “sf” 
trials are split into two non-overlapping groups for this. Plot show the decoding accuracy of both sf (apricot) vs no-
conflict trials, and error “sf” vs. “sf” trials (out-of-sample). Horizontal bars at the top demarcate significant clusters, 
as determined by the cluster-based permutation test (p < 0.05).  
(B) A common population coding dimension for error and conflict in Stroop. This coding dimension is extracted using 
dPCA, using an error contrast (error conflict trials vs. conflict trials) and a conflict contrast (conflict trials vs. no 
conflict). Conflict trials are split into two non-overlapping groups for this. Plot show the decoding accuracy of both 
conflict (apricot) vs no-conflict trials, and error conflict vs. conflict trials (out-of-sample). Horizontal bars at the top 
demarcate significant clusters, as determined by the cluster-based permutation test (p < 0.05). 
(C) Decoding accuracy of pairwise classification of conflict conditions in MSIT after RT was equalized across 
conditions. Trials were selected such that RTs on si, fl, sf and non-conflict trials were equalized (p > 0.1, t test). 
Training data and held-out testing data from the four conflict conditions are projected to the population vector flanked 
by averages of non-conflict trials and sf trials, shown as the dotted line in Figure 4A. Color code represents decoding 
accuracy. This coding dimension separates the four conflict conditions well. 
(D) Testing compositionality of conflict representation with condition generalization of decoding on error trials. 
Decoding accuracy were reduced on error trials compared to on correct trials (compare with Figure 4D). Dotted lines 
show 97.5th percentile of the null distribution from permutation. 
(E) Single neurons with nonlinear mixed selectivity of Simon and Flanker conflict contribute to deviation of conflict 
representation from perfect linearity. Data used here are from the ex-ante epoch in (E) and ex-post epoch in (F). 
Nonlinear mixed-selectivity is measured by the F statistic of the interaction term between Simon and Flanker conflict 
in an ANOVA model with spike counts as the dependent variable. Each neuron’s contribution to the deviation from 
linear additivity in the high dimensional neural space is quantified by the weight of the difference vector between “sf” 
and “si + fl”. Scatter plot shows the relation between these two measures. Red line shows the linear fit. 
(G-I) Distance between trajectories and average speed computed from trials binned by quartiles of Stroop (G), Simon 
(H), Flanker (I) conflict probability on the previous trial in the baseline (blue) and the ex-ante (orange) epoch, and 
trials grouped by Simon conflict probability (current trial) in the ex-post epoch (yellow). Trajectories are visualized 
in Figure 4E-G using PCA but note analysis is performed in the raw state space. The state space speed stays low during 
baseline, increases significantly during the ex-ante epoch and decreases back to a value similar to that during the 
baseline. Distance between trajectories is stable across time. 
(J-L) Projection values on the coding dimension of Simon (J), Flanker (K) and Stroop (L) conflict probability (CP) in 
the ex-post epoch or during baseline. Trials were binned by quartiles of CP. For baseline data, CP quartiles from 
previous trials were used; for ex-post data, current CP quartiles were used. Trials used for projection are not used for 
computing the coding dimensions. The order of projection values is on average consistent with the order of the conflict 
probability levels (estimated from behavioral models), even though coding dimension are constructed only using 
neural data.  This ordering is stable and preserved until the end of trial (and start of the next trial baseline). Coding 
dimensions shown are computed in the raw firing rate space defined by subtracting the condition means between the 
first and fourth quartiles of CP. 
 
*p < 0.05, ** p < 0.01, *** p < 0.001, n.s., not significant (p > 0.05). 
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Figure S10. Additional results for task-invariant representation of performance monitoring signals (analyzed 
using dPCA).  

 
Because MSIT has two conflict conditions, Simon and Flanker, task invariance was investigated using Stroop/Simon 
and Stroop/Flanker separately. 
 
(A) Task-invariant decoding of Flanker conflict in MSIT (colored blue) and Stroop conflict (colored dark gray).   
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(B) Task-invariant decoding of errors in MSIT (salmon) and Stroop (crimson) after RTs were equalized across 
conditions. The task-invariant coding dimension is extracted using dPCA that marginalizes out task information and 
time. This dPCA coding dimension is extracted from the error contrast in Stroop (error conflict vs. correct conflict 
trials) and the error contrast in MSIT (error “sf” trials and correct “sf” trials). Left, Accuracy for decoding errors as a 
function of time. Bar on the right shows the variance explained by the different dPCA components (color code see 
figure legend).  
(C-D) Task-invariant decoding of Simon conflict (C, colored yellow), Flanker conflict (D, colored blue) and Stroop 
(dark gray) after RTs were equalized across conditions. The dPCA coding dimension is extracted from conflict and 
non-conflict trials in Stroop and either from Simon and non-Simon trials (C) or from Flanker and non-Flanker trials 
(D), by marginalizing out task information and time. Held-out conflict trials and non-conflict trials in Stroop, and 
held-out Simon, non-Simon, Flanker, non-Flanker trials in MSIT are projected and classified by this coding 
dimension. Left, decoding accuracy of conflict as a function of time. The bar on the right shows variance explained 
by the different dPCA components (color code see figure legend).  
(E) Testing separability of conflict conditions in Stroop and MSIT using data from the ex-ante (left) and ex-post 
epochs (right) after RTs were equalized across conditions. The dPCA coding dimension used in this analysis is 
extracted by using conflict and non-conflict trials in Stroop and sf and non-conflict trials in MSIT by marginalizing 
out the task dimension. Because data from ROIs are used, temporal information is already marginalized out before 
being used by the dPCA algorithm. Color coding represents decoding accuracy, orange numbers indicate the numerical 
values of decoding accuracy of that pair of conflict conditions.  
(F) Task-invariant decoding of all pairs of conflict probability levels in Stroop (lower triangle matrix) and Flanker 
(upper triangle matrix). The dPCA coding dimension here is extracted using the Stroop conflict probability contrast 
(the 1st vs. 4th quartile bins of Stroop conflict probability) and the Flanker conflict probability contrast (the 1st vs. 4th 
quartile bins of Simon conflict probability), marginalizing out task information. Color code represents decoding 
accuracy. Bar at the bottom shows variance explained of dPCA components. Data used are from the ex-post epoch. 
(G) Same as in (F) but for Stroop-Simon conflict probability using data from the baseline. Trial labels were created 
using quartiles of CP from the previous trial.  
(H) Same as in (G) but for Stroop-Flanker conflict probability using data from the baseline. Trial labels were created 
using quartiles of CP from the previous trial. 
(G-H) shows the stability of the task-invariant conflict probability coding is stable across the whole trial and lasting 
into the next trial. 
 
*p < 0.05, ** p < 0.01, *** p < 0.001, n.s., not significant (p > 0.05). 
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Figure S11. Domain-general representation of performance monitoring signals (separated for the dACC and 
the pre-SMA).  

 
(A) Task-invariant decoding of errors in both MSIT (salmon) and Stroop (crimson) using dACC neurons. This dPCA 
coding dimension is extracted from the error contrast in Stroop (error conflict vs. correct conflict trials) and the error 
contrast in MSIT (error “sf” trials and correct “sf” trials). This controls for trial conflict and isolates effects related 
only to error. Left, Accuracy for decoding errors as a function of time. Bar on the right shows the variance explained 
by the different dPCA components (color code see figure legend).  
(B) Same as in (A) but for the pre-SMA. 
(C-D) Task-invariant decoding of Simon conflict (C, yellow), Flanker conflict (D, blue) and Stroop (dark gray), using 
dACC data. Because MSIT has two conflict conditions, Simon and Flanker, task invariance was investigated using 
Stroop/Simon and Stroop/Flanker conflicts separately. This dPCA coding dimension is extracted from conflict and 
non-conflict trials in Stroop and either from Simon and non-Simon trials (C) or from Flanker and non-Flanker trials 
(D), by marginalizing out task information and time. Left, decoding accuracy of conflict as a function of time. The 
bar on the right shows variance explained by the different dPCA components (color code see figure legend).  
(E-F) Same as in (C-D) but for pre-SMA data. 
(G-H) Task-invariant decoding of all pairs of conflict probability levels. The dPCA coding dimension here is extracted 
using the Stroop conflict probability contrast (the 1st vs. 4th levels of Stroop conflict probability) and the Simon conflict 
probability contrast (the 1st vs. 4th quartiles) in (G), and Flanker conflict probability contrast (the 1st vs. 4th quartiles) 
in (H), marginalizing out task information. Color code represents decoding accuracy. Bar at the bottom shows variance 
explained of dPCA components. 
(I-J) Same as in (G-H) but for pre-SMA data. 
 
Horizontal bars demarcate the extent of significant clusters in time as determined by the cluster-based permutation 
test (p < 0.5).   
 
*p < 0.05, ** p < 0.01, *** p < 0.001, n.s., not significant (p > 0.05). 
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Figure S12. Task-invariant decoding of performance monitoring signals  
For all analysis shown in this figure, decoders were trained only using data within either the MSIT or Stroop task and 
were then tested on the other task. This analysis tests across-task generalization without using dPCA. The “within-
task” decoders are built for each time bin using the difference between condition means (from normalized spike counts 
from each bin) from one task and tested with data from the other task. Contrasts used are the same as in dPCA analyses.  
 
(A-C) Time course of decoding generalization from one task to the other for error (A), Stroop-Simon conflict (B), and 
Stroop-Flanker conflict (C). Legend indicates the task in which performance was evaluated, with the other task being 
used for training. Horizontal bars demarcate the extent of significant clusters in time as determined by the cluster-
based permutation test (p < 0.5).   
(D) Decoding generalization from one task to the other in fixed regions of interests for different kinds of conflicts in 
the ex-ante (left) and ex-post (right) periods.   
(E-F) Decoding generalization of conflict probability for Stroop-Simon (E), and Stroop-Flanker (F).  
(G-M) Correlation between how much a given neuron contributes to decoding performance for the two separately 
trained within-task decoders. All correlations are significant at p < 0.001 (Spearman’s correlation). Weights are 
computed as differences in normalized mean response of a given neuron between the two conditions tested (i.e., error-
correct for panel G). Each dot is a neuron. Inset texts show angles computed between the weight vectors from Stroop 
and MSIT independently, and between dPCA weight vectors and each of these within-task weight vectors. Inset 
histograms show the null distribution of angles between the weights vectors of the two tasks of a given variable 
(computed by permuting between the conditions of a variable within a given task, i.e., error and correct for panel G), 
where orange bars indicate the true angle and black bars indicate the mean of the null distribution (numerical mean 
value is indicated in middle of y axis). All histograms have p < 0.001 (1000 runs). Colors indicate neurons that are 
task invariant (red), and those that are only selective in the MSIT (blue) or Stroop task (cyan). 
 
*p < 0.05, ** p < 0.01, *** p < 0.001, n.s., not significant (p > 0.05). 
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Figure S13. Relation between single-neuron tuning properties and dPCA weights.  
 
(A) Single-neuron contribution to task-invariant coding of conflict. Data used are spike counts in the ex-ante epoch. 
Contrasts used to extract the dPCA coding dimensions are Stroop conflict vs. non-conflict, and sf vs. non-conflict 
within MSIT. Each dot is a neuron. 
 
(B-C) Relationship between single neuron tuning strength of Stroop-Simon conflict probability (B) Stroop-Flanker 
conflict probability (C) and dPCA weights. The data used for computing single-neuron coding strength is the same as 
used in constructing the corresponding dPCA coding dimensions. Data used are spike counts in the ex-post epoch. 
Each dot is a neuron. 
Pie charts show the percentages of “task-invariant” neurons (red slice) that had a significant effect for performance 
monitoring variables after task information was removed (by partial correlation) and those that had a significant effect 
within either Stroop or MSIT but insignificant when computed using data pooled across task and task information 
removed by partial correlation. 
Scatter plots (left) showed significant correlation between partial correlation coefficients of performance monitoring 
variables and the corresponding dPCA weights. Right panel shows mean dPCA weights (absolute value) by cell 
groups. The average absolute value of dPCA weight for both the task-invariant and task-dependent neurons are 
significantly larger than the rest of the recorded population.  
 
*p < 0.05, ** p < 0.01, *** p < 0.001, n.s., not significant (p > 0.05). 
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Figure S14. Relation between single-neuron tuning properties and dPCA feature importance (permutation 
based).  
 
(A) Relationship between single neuron tuning strength of error and dPCA feature importance. Feature importance is 
assessed by permutation (see methods for details). 
(B) Relationship between single neuron tuning strength of conflicts ex ante and dPCA feature importance. Here, data 
used are spike counts within the ex-ante ROI and the contrasts used to extract the dPCA coding dimensions are Stroop 
conflict vs. non-conflict, and sf vs. non-conflict within MSIT.  
(C) Same as in (B) but for ex-post data. 
(D) Relationship between single neuron tuning strength of Stroop-Simon conflict probability and dPCA feature 
importance.  
(E) Same as in (D) but for Stroop-Flanker conflict probability. 
Pie charts show the percentages of “task-invariant” neurons (red slice) that had a significant effect for performance 
monitoring variables after task information was removed (by partial correlation) and those that had a significant effect 
within either Stroop or MSIT but insignificant when computed using data pooled across task and task information 
removed by partial correlation. 
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Scatter plots (left) showed significant correlation between absolute value of partial correlation coefficients of 
performance monitoring variables and the corresponding dPCA feature importance. Each dot is a neuron. Right panel 
shows mean dPCA feature importance by cell groups. The average dPCA feature importance for both the task-
invariant and task-dependent neurons are significantly larger than the rest of the recorded population.  
 
*p < 0.05, ** p < 0.01, *** p < 0.001, n.s., not significant (p > 0.05). 
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Figure S15. Task-invariance in single experimental sessions. 
 
We repeated our analyses by using only simultaneously recorded neurons in individual sessions to assess whether 
domain-general signals are visible at the single-session level. The analysis below is based on 4 different sessions. 
 
(A) Domain-general decoding of error in an individual recording session. 
(G) Same as (A), but for a different recording session.  
 
(B-F) Domain-general decoding of conflict.  
(H-L) Same as (B-F), but for a different recording session. 
 
(M) Continuous relationship between neural projections and conflict probability (same subject as panels B-F). 
Neurons from a single session were used as regressors and were regressed against the logit-transformed conflict 
probability values, and the held-out trials were used to compute the projection (predicted values from the weights). 
The projection values are correlated robustly with logit-transformed conflict probability on the same trial (effect size 
shown in figure).  
(N) Same as in (M), but for another session (same subject as panels H-L).  
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Table S1. Number of sessions and neurons recorded  
Summary of number of neurons recorded in each subject. For some subjects, both the Stroop task and MSIT were 
performed. 
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Table S2. Model comparisons. 
 
Bayesian model comparisons. Details for each model see Methods. The extent to which each model explains the data 
is evaluated using the expected pointwise predictive density (ELPD). Higher ELPD values indicate better fits. 
 
 
 
 

 
 
Table S3. Model weights. 
 
The weight for each model (probability of each model (among the compared model) given the data) is summarized 
here as a table.  
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