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ABSTRACT OF THE DISSERTATION 

 

Adaptive Metacognition: 

The Interplay of Internal Beliefs 

and External Evidence 

in Dynamic Environments 

 

by 

 

Raihyung Lee 

Doctor of Philosophy in Psychology 

University of California, Los Angeles, 2026 

Professor Keith J. Holyoak, Chair 

 

 
 
Adaptive cognition requires both persistence and flexibility: internal representations must remain 

stable enough to guide ongoing behavior, yet open enough to be revised when new evidence 

warrants it. This dissertation examines how this balance is achieved, advancing the view that the 

exchange between internal representations and external evidence is iterative rather than sequential. 

Internal states shape how incoming information is interpreted, and incoming information in turn 

prompts renewed processing — and revision — of the internal states themselves, in cycles that 

operate across timescales and levels of cognition and that are regulated by metacognitive signals 

of reliability. Three studies examine this iterative interplay in distinct settings. Study 1, using 
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human intracranial recordings, shows that perception of a brief input unfolds through a temporally 

extended comparison with recently formed memory, which repeatedly informs the developing 

perceptual decision rather than concluding in a single match. Study 2 shows that the iteration 

continues beyond commitment: feedback that conflicts with a confident judgment triggers a re-

examination of the internal evidence supporting the original choice, allowing false feedback to be 

partly resisted. Study 3 shows that the exchange reaches the representations directing behavior: 

under uncertainty, people revise beliefs about their own goals in light of the observed outcomes of 

their own actions. Together, the studies indicate that internal representations and external evidence 

meet repeatedly rather than once, that revision proceeds by returning to what is held rather than 

overwriting it, and that metacognition — monitoring the reliability of each side and controlling 

whether another cycle of revision runs — is what keeps this balance adaptive in dynamic 

environments. 
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Chapter 1. General Introduction 

 

 

Cognition requires a balance between information that is already represented internally and 

information currently provided by the environment. Perception is shaped by recent experience, 

decisions depend on accumulated beliefs and values, and behavior is guided by goals that persist 

beyond the immediate sensory moment. At the same time, these internal representations cannot 

remain insulated from new information. A belief that never changes in response to the world 

becomes inflexible, whereas a system that simply replaces its current state whenever new 

information arrives cannot make effective use of accumulated experience. Adaptive cognition 

therefore requires both persistence and flexibility: internal representations must remain 

sufficiently stable to guide ongoing processing while remaining sufficiently open to revision 

when new evidence warrants it — a cognitive expression of the stability–plasticity balance that 

adaptive systems of any kind must strike [1]. 

How this balance is achieved is often pictured, implicitly, as a sequence. Internal knowledge is 

applied to incoming information in a single pass and the result is deposited back into the store; a 

prior is combined with the current input, a commitment is made, and processing moves on [2–4]. 

A growing body of evidence suggests, however, that the exchange between internal and external 

is better described as iterative than sequential: not a single application of one term to the other, 

but a back-and-forth in which each side repeatedly re-engages the other, with influence running 

in both directions. In perception, the initial feedforward sweep supports only rudimentary 

analysis, and recognition of brief or degraded input is completed through recurrent exchange 
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between higher and lower areas [5, 6], while descending signals reshape early sensory responses 

even as those responses revise the expectations that generated them [7, 8]. Beyond perception, 

processing does not stop at commitment: evidence continues to accumulate after a choice, 

producing changes of mind without any new input [9, 10]. Consulting one’s own representations 

a second time yields partially independent information, improving on the first reading [11, 12]; 

and what is processed after a decision is itself filtered through the decision that was made [13]. 

The internal term, in short, is not applied once and retired. It shapes how external evidence is 

read, and external evidence, in turn, prompts renewed consultation — and revision — of the 

internal term. 

This iteration operates at multiple timescales and at multiple levels of cognition. At the briefest 

timescale, the loop closes within a single act of perceiving or deciding, over the course of 

hundreds of milliseconds, as a stimulus representation and an internal expectation are brought 

into register through repeated cycles rather than at a stroke. At longer timescales, the products of 

one exchange become the starting points of the next — today’s posterior is tomorrow’s prior — 

and in changing environments the pace of revision is itself adjusted: learners update more rapidly 

when contingencies are volatile and more conservatively when they are stable [14–17]. The brain 

appears organized for exactly this nesting, with intrinsic processing timescales that lengthen 

along the cortical hierarchy, embedding fast sensory loops within slower circuits that maintain 

context and belief [18, 19]. Nor is the iteration confined to the interpretation of sensory input. 

The same back-and-forth appears at higher levels of cognition, where the internal term is not an 

expectation about a stimulus but a belief the agent holds — about what was decided, about what 

is worth pursuing. When the world pushes back against such a belief, revision need not be a 

simple overwrite of the current state: it can involve returning to the evidence and experience 
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from which the belief was built, so that the exchange with the environment reaches backward 

into the representations themselves. 

A loop, unlike a line, needs governance. If the exchange between internal and external can 

always run another cycle, something must determine whether a further cycle is warranted, how 

far the current state should move, and which side of the exchange deserves more trust at a given 

moment. This regulatory problem is metacognitive in nature, and decision confidence — the 

best-studied metacognitive variable — has exactly the profile the job requires: it is well 

described as an estimate of the probability that one’s judgment is correct [20, 21], expressing the 

standing of an internal state in a currency directly comparable with external evidence. And 

confidence demonstrably exercises this control: it determines whether further information is 

sought [22], how strongly new evidence bears on learning [23], and how much outside input is 

absorbed into one’s own judgment [24]. The second-order framework of metacognition [25] 

explains how such regulation is possible at all: metacognitive judgment is itself an inference over 

one’s own states, drawn from imperfect internal evidence — which is why it can genuinely 

inform the exchange, and also why it can err. In this thesis, adaptive metacognition names this 

regulatory function: the monitoring of how much the current internal state and the current 

external evidence each deserve, and the control of whether — and how far — another cycle of 

revision runs. It is the mechanism by which persistence and flexibility are balanced, moment to 

moment, in environments that do not stand still. 

The three empirical studies of this dissertation examine this iterative interplay in three distinct 

settings. They differ in domain, in method, and in the level of cognition they address; they are 

offered as three windows onto the same broad phenomenon rather than as a single experiment in 



4 

three forms. Study 1 (Chapter 2) observes the iteration directly, at its fastest timescale, in 

perception. Participants judged a briefly presented image against the memory of a naturalistic 

episode formed moments earlier, while intracranial recordings tracked the underlying 

computations. The comparison between the internally-maintained representation and the current 

input was not completed in a single step: information about their correspondence emerged early, 

persisted, and repeatedly informed the developing perceptual decision over the course of the 

trial. 

Study 2 (Chapter 3) examines the iteration as it runs beyond a committed decision. Participants 

made a difficult perceptual choice, rated their confidence, received feedback of covertly varying 

reliability, and rated their confidence again. Their revisions went beyond any single-pass 

weighting of the feedback: when feedback conflicted with a confident judgment, participants re-

examined the internal evidence behind their initial choice, and this renewed consultation allowed 

them to partly resist feedback that was in fact false — with confidence governing whether the 

additional cycle ran at all. 

Study 3 (Chapter 4) follows the loop to a higher level of cognition, where external evidence 

feeds back into the internal states that direct behavior. In a value-guided task, participants acted 

to reach reward-bearing options and then reported which option they had wanted. What they 

observed of their own action’s outcome was incorporated into that report — most strongly when 

volatile reward contingencies had weakened their value-based expectations — a pattern captured 

by a Bayesian model in which the observed outcome serves as evidence about one’s own goal. 

Here the exchange completes the circle: information from the environment revises the internal 

representation from which subsequent behavior proceeds. 
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Together, the studies motivate a modest integration rather than a unified mechanism: across 

perception, decision evaluation, and value-guided action, internal representations and external 

evidence meet not once but repeatedly, at timescales from milliseconds to the run of learning, 

and metacognitive signals help decide how each round of the exchange is settled. Chapters 2–4 

present the studies in full; Chapter 5 returns to these themes, tracing what links the three studies 

and what remains particular to each. 
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Chapter 2. Neural Dynamics of Memory–Sensory 

Comparison in Perceptual Detection 

 
 

1. Introduction 

 
Perception is not determined solely by information currently available to the senses [1, 2]. 

Because sensory signals are often brief, noisy, or incomplete, the brain often interprets them in 

relation to information retained from the recent past [3–5]. A key way in which recent 

information influences perception is through working memory, which keeps previously 

encountered information accessible during the processing of subsequent sensory input [6, 7]. 

Consistent with this role, behavioral studies have shown that information maintained in working 

memory can facilitate the processing of corresponding visual stimuli and alter subsequent 

perceptual judgments [8–11]. Complementing these behavioral findings, neural studies indicate 

that maintained visual information can remain represented within perceptual systems after the 

original sensory input has disappeared and can modulate responses to subsequently presented 

matching stimuli [12–15]. Together, these findings support an interactive account in which 

working memory does not merely preserve the output of perception but actively shapes the 

processing of subsequent sensory information. 

The computational process underlying this interaction, however, remains incompletely 

understood. One plausible account is that a newly presented stimulus is compared over time with 

an internally maintained representation in working memory, with information about their 
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correspondence progressively contributing to stimulus identification. Several findings support 

the idea that the brain evaluates incoming sensory input in relation to working-memory contents 

and that correspondence between the two facilitates perceptual processing. Differences between 

representations held in visual working memory and newly presented perceptual inputs can be 

detected efficiently [16]. Moreover, stimuli corresponding to working-memory contents are more 

likely to reach visual awareness and can be identified with greater perceptual sensitivity than 

noncorresponding stimuli [9, 17, 18]. Model-based evidence further suggests that matching 

stimuli require less evidence to reach conscious perception [10], while neural responses to such 

stimuli are enhanced both in overall magnitude and in the strength of stimulus-specific 

representations [15]. Together, these studies demonstrate that correspondence between internal 

and external representations shapes ongoing perceptual processing. They do not, however, reveal 

the spatiotemporal dynamics through which this correspondence is evaluated—that is, when and 

where comparison-related information emerges and how it develops across time and brain 

regions to support stimulus identification. 

Research on perceptual decision-making has established that perceptual judgments often emerge 

not in a single step, but through the progressive integration of noisy, task-relevant information 

over time [19–21]. Consistent with this view, neural signals related to perceptual decisions vary 

with sensory evidence and develop gradually toward perceptual recognition and detection [22–

24]. Extending this logic, if working memory contributes to perception by relating current 

sensory input to internally maintained information, this comparison may likewise unfold over 

time rather than occur instantaneously, continuously supplying information that contributes to 

perceptual identification. Such temporally extended processing may be particularly important 

when the external stimulus is brief, because the processes supporting identification must 
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continue after the sensory input has disappeared [25, 26]. Under these conditions, the brain may 

continue to process a sensory representation of the stimulus, compare it over time with 

information maintained in working memory, and use the ongoing relationship between the two to 

support identification. We therefore hypothesized that comparison between internal and external 

representations would emerge early and persist over time, continuing to provide information that 

supports the formation of a perceptual judgment. 

The integration of internal and external information may depend on coordination among large-

scale cortical systems. Recent work has implicated the default mode network (DMN) in 

constructing and using representations that extend beyond information immediately available to 

the senses. DMN regions integrate information across relatively long temporal windows [27, 28], 

enabling construction of coherent representations of events or situations that extend across 

perception and memory [29, 30]. By maintaining such representations beyond the immediate 

sensory moment, the DMN allows previously encountered or internally generated information to 

guide ongoing cognition [31]. These properties may allow the DMN to maintain broader 

contextual representations that shape ongoing perception and decision-making. Such 

representations may provide the internal context against which newly arriving sensory 

information is evaluated [32]. 

Memory-guided cognition is unlikely, however, to be implemented by the default network alone. 

Tasks requiring decisions based on internal information can jointly recruit default-network and 

frontoparietal regions, suggesting that internally maintained representations must be coordinated 

with systems supporting task-relevant control and selection [31]. In perceptual decision-making, 

decision-related information emerges across widely distributed cortical regions rather than within 
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a single dedicated system [23], with frontoparietal regions among those most consistently 

implicated in representing and integrating information relevant to an impending choice [20, 21, 

33]. One possibility, therefore, is that regions associated with the default network contribute 

more strongly to representing or evaluating the relationship between current input and internally 

maintained context, whereas information produced by this comparison becomes increasingly 

distributed across cortical systems involved in perceptual decision-making, with particularly 

strong involvement of frontoparietal regions. 

To examine how these computations unfold across time and brain regions, we used stereo-

electroencephalography (sEEG), which provides millisecond-scale temporal resolution from 

anatomically localized recording sites. Participants viewed animal videos lasting approximately 

4.5 s, followed by a delay of approximately 1.5 s and a 100-ms picture drawn either from the 

preceding video or from a different video. They then judged whether the picture contained a 

primate or a non-primate animal. This design allowed us to test whether correspondence between 

a recently formed video representation and a briefly presented sensory input facilitated 

perceptual identification, and to track when and where information about memory–sensory 

correspondence emerged and how it related over time to neural representations of the picture’s 

category. 

To anticipate the findings, participants categorized pictures more accurately when they were 

drawn from the preceding video than when they were drawn from a different video. Neural 

analyses suggested that representations of the briefly presented picture were continuously 

evaluated in relation to a representation of the preceding video and that comparison-related 

information contributed to the subsequent development of information about the picture’s 



13 

category. Comparison-related signals were most prominent in electrodes located in regions 

associated with the DMN, whereas the later development of evidence supporting perceptual 

identification was distributed broadly across cortical regions, with relatively greater 

frontoparietal involvement. Together, these findings reveal a temporally evolving neural process 

through which internally maintained information is related to a transient sensory representation 

and progressively contributes to perceptual identification. 

 

 

 

2. Methods 

 

2.1. Participants 

Intracranial recordings were obtained from 19 patients with intractable epilepsy who underwent 

implantation of intracranial electrodes for clinical evaluation and treatment at the Second 

Affiliated Hospital of Zhejiang University School of Medicine (SAHZU). All participants were 

right-handed and had normal or corrected-to-normal vision. Eight participants were excluded 

because their data indicated that they had misunderstood the task instructions, and one additional 

participant was excluded because of poor sEEG signal quality. The final sample therefore 

consisted of 10 participants (mean age = 23.4 years, SD = 7.78; 3 female). The study was 

approved by the institutional review boards of Duke Kunshan University (FWA00021580) and 

SAHZU (IR2020001335). No clinical seizures were observed during the experiment. 
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2.2. Experimental design 

Participants performed a perceptual detection task following the presentation of a short video, 

designed to test whether recently viewed visual information facilitated identification of a briefly 

presented picture (Figure 2-1a). Trial initiation was self-paced: participants began each trial by 

pressing a start button. Each trial started with a trial-unique video clip depicting animals from 

either the primate or non-primate category and lasting 4–5 s. After the video ended, a blank delay 

period of approximately 1.5 s followed. A picture was then presented for approximately 100 ms, 

and participants were instructed to indicate as quickly as possible whether it contained a primate 

by pressing the corresponding response button. Half of the pictures contained a primate, and the 

other half contained a non-primate animal. On one-fifth of all trials, the picture was drawn from 

the video presented on that trial; on the remaining four-fifths, it was drawn from a different 

video. Participants were not informed that some of the pictures would be drawn from the 

preceding video. Participants completed a mean of 168.5 trials, with the total number ranging 

from 87 to 213 across participants. Trials were divided into multiple sessions of up to 40 trials 

each. Breaks were provided between sessions, during which participants were instructed to rest. 

Following each perceptual decision, participants completed a temporal-order judgment task and 

provided a confidence rating. These measures were not analyzed in the present study and will be 

reported separately. Before the main experiment, all participants completed a training session 

using the same experimental program but different stimulus materials. 
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2.3. sEEG Data Acquisition and Signal Processing 

 

2.3.1. Intracranial recordings and electrode localization 

Stereo-electroencephalography (sEEG) data were recorded using stereotactically implanted depth 

electrodes. Electrode contacts consisted of 2-mm platinum cylinders with a diameter of 0.8 mm 

and an intercontact spacing of 3.5 mm (Sinovation, Beijing, China). All electrodes were 

implanted solely for clinical diagnostic purposes as part of the patients’ evaluation for 

neurosurgical treatment of epilepsy. Participants were implanted with a mean of 11.8 depth-

electrode shafts each (range = 8–14), comprising a mean of 139.2 electrode contacts per 

participant (range = 108–224). sEEG data were acquired using a standard clinical EEG system 

(EEG-1200C, Nihon Kohden Co.) at a sampling rate of 2,000 Hz. Stimulus-triggered electrical 

pulses were recorded alongside the sEEG data to enable precise synchronization with stimulus 

onset. All recordings were conducted at the patients’ bedside. 

Before electrode implantation, T1-weighted magnetic resonance imaging (MRI) using a 1.5-T 

scanner and computed tomography (CT) were obtained for each patient. Following implantation, 

an additional CT scan was acquired, skull-stripped, and co-registered to the preoperative 

anatomical MRI scan. Individual electrode contacts were then visually identified on the co-

registered CT images and marked in each patient’s native preoperative MRI space using 

Brainstorm. The preoperative structural MRI scans were subsequently processed in Brainstorm 

to segment and reconstruct each patient’s cortical surface and to obtain the anatomical 

coordinates of each recording site in Montreal Neurological Institute (MNI) space. Figure 2-2a 

shows the electrode locations projected onto the brain surface, with colors indicating individual 
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participants. Across participants, recording sites were broadly distributed across cortical and 

subcortical regions, providing coverage of multiple large-scale brain systems relevant to memory 

and perceptual decision-making. 

 

2.3.2. Preprocessing 

sEEG data were preprocessed in MATLAB using the FieldTrip toolbox. Continuous signals were 

band-pass filtered between 0.5 and 250 Hz and downsampled from 2,000 to 500 Hz. Line noise 

and its harmonics were attenuated using band-stop filters centered at 50, 100, 150, and 200 Hz, 

each with a bandwidth of ±2 Hz. The signals were subsequently detrended and demeaned. 

Given the susceptibility of clinical sEEG recordings to physiological, environmental, and 

recording-related artifacts, we applied a multistage artifact-rejection procedure combining 

automated metrics with detailed visual inspection. Artifacts were first identified through 

inspection of summary statistics, individual channels, and individual trials, and channels and 

trials containing prominent contamination were excluded. For participants whose recordings 

exhibited synchronous common-mode contamination, characterized by highly similar signals 

across many or all channels, the remaining signals were rereferenced to the common average 

across retained channels. When brief, isolated high-amplitude transients remained, segments 

exceeding a z-score threshold of 6 for at least 2 ms were identified, and the affected windows, 

including a 4-ms margin on either side, were replaced by linear interpolation. Finally, full-rank 

independent component analysis was performed using the extended Infomax algorithm. 

Components potentially reflecting non-neural artifacts were identified from multiple statistical 

and spectral characteristics—including kurtosis, high-frequency power, line-noise prominence, 
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variance, and spectral entropy—and were visually reviewed before removal. This combination of 

channel-, trial-, segment-, and component-level procedures was intended to minimize residual 

artifacts while preserving as much usable neural data as possible. 

 

2.3.3. Time-Frequency Analysis 

The cleaned sEEG data were epoched separately to the video-viewing period, the delay period, 

and the picture-presentation period extending until the participant’s response. These epochs are 

hereafter referred to as the video period, delay period, and decision period, respectively. 

Time–frequency power was estimated for each trial and electrode using the multitaper 

convolution method. Discrete prolate spheroidal sequence tapers were applied using a fixed 200-

ms sliding window. The multitaper approach reduces spectral leakage and provides relatively 

stable power estimates, particularly at higher frequencies. The fixed window length also allowed 

temporal resolution to remain consistent across frequencies. Power was calculated from 1 to 250 

Hz in 2-Hz increments, providing broad coverage of low-frequency and high-frequency activity. 

A spectral smoothing parameter of 10 Hz was used to improve the robustness of power 

estimates, although at the cost of reduced frequency specificity. Power was sampled at 50-ms 

intervals, allowing the temporal evolution of neural activity to be tracked with substantial 

overlap between successive windows. Data were zero-padded to the next power of two to 

facilitate efficient spectral computation, and trial-level power estimates were retained to support 

subsequent condition-specific and trial-level analyses. 

Power values were normalized separately for each trial using z-score baseline correction. For all 

event-aligned analyses, the baseline was defined as the 1-s interval occurring 3 to 2 s before the 
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participant initiated the trial. This interval was selected to provide a relatively uncontaminated 

estimate of resting neural activity while avoiding motor preparatory signals that might arise 

immediately before the self-paced button press used to begin the trial. This trial-specific 

normalization reduced the influence of between-trial differences in overall power and slow 

fluctuations in signal amplitude, allowing event-related changes to be expressed relative to each 

trial’s own pretrial activity. 

 

2.4. Statistical Analysis 

 
2.4.1. Univariate electrode-level analysis 

 
All electrophysiological statistical analyses focused on high-gamma power between 70 and 150 

Hz. Task-related broadband activity within this frequency range is widely used in intracranial 

electrophysiology as a sensitive and spatially localized index of cortical engagement. High-

gamma power is closely associated with aggregate neuronal firing and can track rapid changes in 

local cortical processing across a range of perceptual and cognitive tasks [34–38]. Its 

combination of anatomical specificity and temporal precision therefore made it well suited for 

examining the evolving neural representations of memory–sensory correspondence and 

perceptual identity in the present study. 

Univariate analyses were conducted separately for each participant. We first identified electrodes 

exhibiting significant event-related increases in high-gamma activity during the video, delay, and 

decision periods. For each period, trial-level high-gamma power was compared with power from 

a pretrial baseline beginning 3 s before the participant initiated the trial. Baseline and active 
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intervals were matched in duration; for the video period, a 2-s baseline segment ending 1 s 

before trial initiation was duplicated to match the 4-s active interval. This baseline placement 

was chosen to reduce contamination from motor preparation immediately preceding the self-

paced start-button press. Active and baseline measurements from the same trials were compared 

using paired-sample cluster-based Monte Carlo permutation tests. To identify event-related 

increases, samples showing greater high-gamma power during the active period than during 

baseline at an initial threshold of p < .025 were grouped into clusters across contiguous time–

frequency points. Positive clusters were retained at a cluster-level threshold of p < .05 based on 

500 randomizations. Electrodes contributing to these clusters were classified as task-responsive 

for that period and retained for the corresponding condition-level analyses. 

Within task-responsive electrodes identified for the decision period, we separately tested three 

contrasts designed to capture distinct forms of information hypothesized to contribute to 

perceptual identification. The video–picture match contrast compared pictures drawn from the 

preceding video with pictures drawn from a different video. Because the critical difference 

between these conditions was whether the newly presented sensory input corresponded to the 

representation maintained from the preceding video, this contrast was used to index memory–

sensory comparison: neural activity sensitive to the correspondence between internally 

maintained contextual information and the incoming visual stimulus. The picture-category 

contrast compared pictures containing a primate with those containing a non-primate animal and 

was used to identify neural activity carrying information about the perceptual identity of the 

picture itself. Whereas the video–picture match contrast therefore indexed the relationship 

between internal and external representations, the picture-category contrast indexed the emerging 

representation of what was currently being perceived. Finally, the decision-accuracy contrast 
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compared trials on which the participant’s perceptual judgment was correct with those on which 

it was incorrect. This contrast was used to capture neural information related to the strength or 

sufficiency of the evidence available for the perceptual decision—specifically, whether the 

available evidence was sufficient to support a correct judgment. Together, the three contrasts 

allowed us to examine where and when neural activity represented memory–sensory 

correspondence, perceptual identity, and decision-relevant evidence sufficient for successful 

perceptual judgments. 

 

2.4.2. Multivariate decoding analysis 

Multivariate pattern analyses were conducted separately for each participant across the video, 

delay, and decision periods to test whether distributed high-gamma activity encoded the same 

three trial dimensions examined in the univariate analyses: video–picture match, picture 

category, and decision accuracy. The video and delay periods were included as temporal control 

periods because the information defining these contrasts depended on the subsequently presented 

picture and perceptual response and therefore was not expected to be decodable before picture 

onset. Decoding during these periods thus provided a check against systematic pre-picture 

differences or other potential confounds. For all three periods, analyses were restricted to 

electrodes that showed significant task-related increases in high-gamma activity during the 

decision period relative to baseline, thereby using a common set of task-responsive electrodes 

across periods. High-gamma power between 70 and 150 Hz was analyzed over the corresponding 

task interval for each period: during video viewing, throughout the delay, and from picture onset 

through the participant-specific mean response interval during the decision period. 
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Decoding was performed using 300-ms sliding windows advanced in 50-ms increments. Within 

each window, high-gamma power was averaged across time and grouped into equally spaced 

frequency bins. Power values from all retained electrodes and frequency bins were then 

concatenated to form a multivariate feature vector for each trial. The number of frequency bins 

and cross-validation folds was adjusted conservatively according to the number of trials in the 

smaller class: analyses used two, three, or five folds and between four and ten frequency bins, 

depending on the available data. Contrasts with fewer than five trials in either class were not 

analyzed. This adaptive procedure limited model complexity when trial counts were low while 

allowing richer feature representations when more data were available. 

At each time window, a linear support vector machine was trained and evaluated using repeated 

stratified k-fold cross-validation. Features were standardized using the mean and standard 

deviation estimated exclusively from the training fold. Principal component analysis was 

likewise fitted only to the training data, and the resulting transformation was subsequently 

applied to the held-out test data, thereby preventing information leakage. The number of retained 

components was chosen to explain up to 90% of the training-set variance but was conservatively 

capped according to the number of training observations and trials in the minority class. Inverse-

frequency class weights were applied during model fitting, and performance was quantified 

using balanced accuracy to reduce sensitivity to unequal class sizes. Observed decoding accuracy 

was averaged across 100 repeated cross-validation partitions. 

Statistical significance was evaluated using permutation testing with cluster-based correction 

across time. For each contrast, trial labels were randomly permuted 1,000 times, and decoding 

was repeated using 10 independently stratified cross-validation partitions for each permutation. 
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Observed accuracy at each window was standardized relative to its permutation distribution. 

Temporally contiguous windows exceeding a one-sided pointwise threshold of p < .05 were 

grouped into clusters, and cluster mass was defined as the sum of the standardized decoding 

values within each cluster. Cluster-level significance was determined by comparing the observed 

cluster mass with the permutation distribution of the maximum cluster mass, using a corrected 

threshold of p < .05. This procedure identified periods during which distributed high-gamma 

patterns reliably distinguished the trial classes while controlling for multiple comparisons across 

time. 

 

Group-level inference was subsequently performed separately for each decoding contrast to 

determine whether classification accuracy was reliably greater than chance across participants. 

Because the duration of the decision period varied across participants, each participant’s 

balanced-accuracy time course was linearly interpolated onto a common 50-ms time grid 

restricted to the temporal interval shared by all included participants. At each time point, 

balanced accuracy minus chance performance (0.50) was compared with zero using a one-tailed, 

dependent-samples t test. Statistical significance was assessed using cluster-based Monte Carlo 

permutation testing with an initial pointwise threshold of p < .05 and a cluster-level threshold of 

p < .05 based on 10,000 randomizations. Temporally contiguous samples exceeding the 

pointwise threshold were grouped into clusters, and cluster mass was defined as the sum of the t 

statistics within each cluster. Observed clusters were evaluated against the permutation 

distribution of the maximum cluster mass, thereby controlling for multiple comparisons across 

time. This analysis identified time periods during which decoding performance was consistently 

above chance across participants. 
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To identify the recording sites contributing to significant multivariate decoding, we performed a 

Haufe-pattern traceback analysis, which transforms discriminative classifier weights into 

activation patterns that are more interpretable in terms of the neural signals contributing to 

classification [39]. The analysis was performed separately for each group-level temporal cluster 

with a cluster-corrected value of p ≤ .05. For each cluster, the search interval was extended by 

two 50-ms bins on either side and mapped onto each participant’s decoding time course. 

Participants were included in the traceback when their mean decoding performance within this 

interval exceeded their subject-specific permutation distribution by a mean z score greater than 

0.5. For each included participant, the time point showing the highest decoding accuracy within 

the search interval was identified, and the corresponding 300-ms window together with the 

immediately preceding and following windows was analyzed. 

The original multivariate feature construction and adaptive cross-validation settings were 

retained. To reduce the influence of class imbalance, trials from the two classes were randomly 

subsampled to equal numbers in each of 50 repetitions. Within each training fold, a linear 

support vector machine was fitted following training-set standardization and principal 

component analysis. The classifier weights were transformed into activation patterns using the 

covariance structure of the training data and projected from principal-component space back into 

the original electrode-by-frequency feature space. The absolute magnitude of each activation-

pattern value was then averaged across frequency bins, cross-validation folds, selected temporal 

windows, and repetitions to obtain a contribution estimate for each electrode. These absolute 

Haufe-pattern contributions were used to characterize the relative involvement and spatial 

distribution of electrodes supporting decoding, rather than as independent electrode-level 

significance tests. 
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2.4.3. Classifier-Evidence Analysis 

Building on the significant group-level decoding clusters identified in the preceding multivariate 

analysis, we next examined whether trial-by-trial fluctuations in the strength of classifier 

evidence were related across clusters. For each significant cluster, we therefore extracted 

classifier decision values as a continuous measure of the strength of class-related neural 

information on individual trials, extending beyond the binary correct-or-incorrect output used to 

calculate decoding accuracy [40–42]. Related single-trial discriminant measures have been used 

to characterize variability in neural information associated with perceptual decisions [19, 43]. 

Group-defined temporal clusters were mapped onto the corresponding decoding windows for 

each participant, and the same feature-construction, dimensionality-reduction, and cross-

validation procedures used in the decoding analyses were retained. Classifier decision values 

were obtained exclusively from held-out trials. Within each cross-validation fold, test-set 

decision values were standardized relative to the mean and standard deviation of the training-set 

decision values. The standardized held-out values were then averaged across the temporal 

windows belonging to each cluster and across 100 repeated cross-validation procedures. On each 

repetition, the two trial classes were randomly subsampled to equal sizes to minimize the 

influence of class imbalance. The absolute value of the resulting classifier evidence was used, 

such that larger values indicated stronger class-related neural information regardless of the class 

favored by the classifier. 

Regression analyses were then used to test hypothesized trial-by-trial relationships among the 

absolute classifier-evidence measures obtained from different decoding clusters. Cluster-specific 

general high-gamma power was included as a covariate to reduce the possibility that 
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relationships between classifier-evidence measures reflected nonspecific fluctuations in overall 

neural activity. All continuous variables were standardized within participant before pooling 

trials across participants and fitting the models. For analyses involving interactions between 

classifier-evidence measures, the constituent variables were standardized before constructing the 

interaction term.  

Population-level inference was performed using trial-level linear mixed-effects models fitted by 

restricted maximum likelihood. Each model included the classifier-evidence variables required to 

test the hypothesized relationship together with the corresponding high-gamma power covariates. 

For interaction analyses, both constituent main effects and their interaction were included in the 

model. To account for repeated observations within participants while allowing the hypothesized 

relationship to vary across individuals, each model included a participant-specific random 

intercept and a participant-specific random slope for the fixed effect of interest. Random 

intercepts and slopes were specified as separate random-effects terms and were therefore 

estimated without an intercept–slope covariance. The prespecified fixed effects of interest were 

evaluated using two-tailed tests. 

 
 

3. Results 

 

3.1. Behavioral Results 

Before analysis, trials with response times below 300 ms or above 4,000 ms, or with an absolute 

within-participant robust MAD score greater than 3.5, were excluded from all behavioral 
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analyses. Participants performed the perceptual decision task with relatively high accuracy 

overall (M = .85, SD = .08), with a mean response time of 2.18 s (SD = 0.51 s). Accuracy did not 

differ significantly between primate and non-primate pictures (.83 vs. .86). 

Perceptual sensitivity (d′) was significantly greater when the picture was drawn from the 

preceding video than when it was drawn from a different video (paired t(9) = 4.60, p < .01; 

Figure 2-1b). Response bias was similar between the same-video and different-video conditions 

(.13 vs. .09), indicating that the sensitivity advantage was not attributable to a shift in response 

tendency. 

Because this effect could also reflect a match between the categories of the video and picture, we 

repeated the analysis while holding video–picture category correspondence constant. 

Specifically, pictures drawn from the preceding video were compared with pictures drawn from a 

different video containing the same animal category. Perceptual sensitivity remained 

significantly greater in the same-video condition (3.10 vs. 2.38; paired t(9) = 3.03, p < .05). 

Similarly, for primate pictures, accuracy was significantly greater when the picture was drawn 

from the same primate video than from a different primate video (.91 vs. .80; paired t(9) = 2.97, 

p < .05). Together, these results indicate that perceptual sensitivity was enhanced by 

correspondence with the specific content of the preceding video, beyond a general match in 

animal category. 
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Figure 2-1. (a) Schematic of the perceptual detection task. Participants viewed a trial-unique 4–5-s video 
depicting animals, followed by an approximately 1.5-s blank delay. A picture was then presented for 
approximately 100 ms, after which participants indicated as quickly as possible whether the picture contained a 
primate. (b) Behavioral performance as a function of whether the picture was drawn from the preceding video 
(same video) or from a different video. Left, perceptual sensitivity (d′) was significantly greater in the same-
video condition than in the different-video condition (paired t(9) = 4.60, p < .01). Right, hit rate and false-
alarm rate for the two conditions; the same-video condition showed a higher hit rate and a lower false-alarm 
rate than the different-video condition. 

 

3.2. Univariate Results 

Having established that perceptual sensitivity was enhanced when the picture matched the 

preceding video, we next examined intracranial activity across different periods of the task by 

identifying electrodes showing significant event-related increases in high-gamma activity 

relative to the pretrial baseline (cluster-corrected p < .05; Figure 2-2b). Task-responsive 

electrodes were observed during all three task periods, with their spatial distribution becoming 
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progressively broader across the trial. During the video period, responsive electrodes were 

concentrated predominantly in posterior occipital and occipitotemporal regions, consistent with 

sustained visual processing of the video. During the delay period, responsive electrodes remained 

prominent in posterior regions but extended more broadly into temporal and parietal association 

cortex. During the decision period, responsive electrodes were distributed more widely across the 

brain, spanning posterior sensory and association regions and extending into frontal cortex, 

consistent with the additional cognitive and decision-related processes engaged following picture 

presentation. 

Within the task-responsive electrodes identified for the decision period, we next tested three 

contrasts intended to capture successive forms of information relevant to perceptual 

identification: video–picture match, indexing correspondence between the internally maintained 

video representation and the incoming sensory input; picture category, indexing the perceptual 

identity of the presented picture; and decision accuracy, indexing decision-relevant evidence 

sufficient to support a correct perceptual judgment. Electrodes showing significant condition 

effects are indicated in Figure 2-2b by white outlines, with black arrows marking electrodes 

significant for the video–picture match contrast and gray arrows marking those significant for the 

picture-category contrast. The video–picture match contrast yielded five significant electrodes 

across four participants (cluster-corrected p < .05), several of which converged across 

participants in posterior medial and parietal regions encompassing DMN-associated precuneus 

territory, with an additional frontal electrode. This convergence is notable given the proposed 

role of the precuneus as a posterior DMN hub positioned to coordinate internally and externally 

oriented processing. Recent work has shown that precuneus subdivisions flexibly interact with 

networks associated with both internal and external processing and has specifically proposed that 
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this architecture enables stored internal representations to contribute to the moment-to-moment 

interpretation of external information [32, 44]. Thus, although spatially limited, the video–

picture match effect was consistent with our hypothesis that DMN-associated regions provide an 

internal contextual representation against which newly arriving sensory information can be 

evaluated. The picture-category contrast yielded four significant electrodes across three 

participants (cluster-corrected p < .05), located primarily in posterior and ventral temporal 

regions. This distribution was likewise consistent with the contrast’s intended role in capturing 

perceptual identity, as posterior and ventral temporal cortex contains representations that 

differentiate visual object categories [45]. No electrodes survived correction for the decision-

accuracy contrast. 

These univariate results therefore provided preliminary anatomical support for the distinction 

among memory–sensory correspondence, perceptual identity, and decision-relevant evidence, 

but the effects were sparse and captured only a small fraction of the task-responsive electrodes. 

This limited sensitivity is not unexpected: condition information need not appear as a large 

difference in mean activity at any single recording site, but can instead be carried by the joint 

configuration of weaker signals distributed across multiple sites. In the present sEEG data, this 

limitation is compounded by sparse and participant-specific anatomical sampling and by the 

stringent correction required for electrode-wise time–frequency comparisons. Consequently, the 

absence of a strong univariate effect cannot be taken to indicate that the corresponding 

information was not represented in the recorded population. We therefore next used multivariate 

pattern analysis to test whether the three forms of information could be recovered from 

distributed patterns of high-gamma activity, allowing information expressed collectively across 
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electrodes to be detected even when individual electrodes showed weak or inconsistent condition 

effects. 

 

 

Figure 2-2. (a) Spatial distribution of all intracranial electrodes included in the study, projected onto a 
common brain surface. (b) Electrodes showing significant event-related increases in high-gamma activity 
relative to the pretrial baseline during the video, delay, and decision periods (cluster-corrected p < .05). During 
the video period, task-responsive electrodes were concentrated predominantly in posterior visual regions; their 
distribution extended more broadly during the delay period and became widespread during the decision period, 
including frontal regions. Within decision-period task-responsive electrodes, white outlines indicate electrodes 
showing significant differences between experimental conditions (cluster-corrected p < .05). Black arrows 
indicate electrodes significant for the video–picture match contrast, and gray arrows indicate electrodes 
significant for the picture-category contrast. No electrodes survived correction for the decision-accuracy 
contrast. 

 

3.3. Multivariate Decoding Results 

We next performed multivariate decoding analyses separately for each participant and 

subsequently conducted group-level inference to determine whether the three trial dimensions—

video–picture match, picture category, and decision accuracy—could be reliably decoded across 

participants. Decoding was evaluated using repeated cross-validated linear support vector 
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machines with permutation-based significance testing and cluster-based correction across time. 

All three contrasts showed significant above-chance decoding during the decision period, 

indicating that distributed high-gamma activity reliably distinguished the corresponding trial 

types (Figure 2-3, left). In contrast, no significant decoding clusters were observed during the 

video or delay control periods, confirming that successful decoding during the decision period 

was not attributable to systematic differences already present before picture onset. To 

characterize the spatial distribution of the signals supporting these effects, we performed a 

Haufe-pattern traceback analysis for each significant decoding cluster. Figure 2-3 (right) shows 

the electrodes contributing most strongly to each cluster among participants with reliable subject-

level decoding, with electrodes associated with the first and second significant clusters of the 

video–picture match and picture-category contrasts distinguished by white and black outlines, 

respectively. 

For the video–picture match contrast, decoding was already elevated immediately after picture 

presentation and remained above chance across much of the early-to-middle decision period 

before gradually returning toward chance level (Figure 2-3, top left). Although the cluster-based 

analysis formally identified two significant clusters (Cluster 1: 0.42–0.72 s; Cluster 2: 0.87–1.12 

s; both cluster-corrected p < .05), they were separated by only a brief nonsignificant interval and 

merged at a more permissive statistical threshold (cluster-corrected p < .10). Together, this 

pattern suggests that information about video–picture correspondence arose early and was 

represented in a largely sustained manner following picture onset, consistent with our hypothesis 

that comparison between working-memory and sensory representations would emerge rapidly 

and persist over time. The Haufe-pattern traceback analysis indicated that electrodes contributing 

to this decoding were distributed predominantly across DMN-associated regions, with additional 
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contributions from a smaller number of frontoparietal and visual sites (Figure 2-3, top right). 

This spatial pattern is consistent with the proposed role of the DMN in maintaining 

representations beyond the immediate sensory moment and using internally retained information 

to guide ongoing processing. In the present task, such temporally extended representations could 

allow information from the preceding video to remain available while the brief picture continued 

to be processed, supporting a sustained comparison between working memory and the incoming 

sensory representation even after the picture had disappeared. 

 

The picture-category contrast showed a different temporal profile. Decoding began near chance 

level after picture onset and then increased sharply, producing an early significant cluster 

(Cluster 1: 0.52–0.72 s; cluster-corrected p < .05; Figure 2-3, middle left). Following an 

intervening decline, decoding increased again to form a distinct later cluster (Cluster 2: 1.07–

1.42 s; cluster-corrected p < .05) and remained strongly elevated toward the end of the analyzed 

decision period. Thus, unlike the relatively sustained video–picture match signal, picture-

category information appeared to develop after picture onset and showed two temporally 

separated periods of reliable representation. The Haufe-pattern traceback analysis showed that 

electrodes contributing to picture-category decoding were distributed more prominently across 

visual and sensorimotor-associated regions, with relatively fewer sites in DMN- or 

frontoparietal-associated regions than for the video–picture match contrast (Figure 2-3, middle 

right). This distribution is consistent with the picture-category signal reflecting developing visual 

recognition of the presented picture, while involvement of sensorimotor regions may additionally 

reflect the transformation of perceptual information into the button-press response required by 

the task. 
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The decision-accuracy contrast likewise began near chance level and increased later in the 

decision period, consistent with the gradual emergence of neural information related to whether 

sufficient evidence had accumulated to support a correct perceptual judgment (Figure 2-3, 

bottom left). Its significant cluster (0.77–0.97 s; cluster-corrected p < .05) emerged after the 

initial rise in picture-category decoding and fell temporally between the two significant picture-

category clusters, while overlapping with the later significant period of video–picture match 

decoding. The Haufe-pattern traceback analysis revealed a broadly distributed set of contributing 

electrodes spanning frontoparietal, DMN-associated, visual, and sensorimotor regions, with 

relatively greater frontoparietal involvement than observed for the video–picture match or 

picture-category contrasts (Figure 2-3, bottom right). Such broad recruitment is consistent with 

decision-evidence formation requiring the integration of information across multiple systems, 

while the stronger frontoparietal contribution accords with the proposed role of these regions in 

representing and integrating task-relevant evidence toward an impending choice. The temporal 

position of this signal, between the two periods of picture-category decoding and overlapping 

with the later comparison signal, further suggests that it may reflect an intermediate stage in 

which information generated by memory–sensory comparison is integrated into evidence 

supporting perceptual identification. 

Taken together, the temporal profiles across the three contrasts suggest that the represented 

information may not develop independently, but instead evolve in a coordinated manner across 

the decision period. The early emergence of video–picture match information suggests that 

memory–sensory comparison begins rapidly and contributes to the initial development of 

picture-category information. As this comparison remains active, it may continue to interact with 

the emerging picture representation, allowing additional decision-relevant evidence to develop 
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over time. The later re-emergence of strong picture-category information is therefore consistent 

with a process in which an initial perceptual judgment is progressively refined by decision-

relevant evidence generated through continued comparison between the sensory representation 

and information maintained in working memory. We next tested these proposed relationships 

directly by examining trial-by-trial covariation in classifier evidence across the significant 

decoding clusters. 
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Figure 2-3. Left: Group-level decoding time courses for video–picture match (top), picture category (middle), 
and decision accuracy (bottom). Decoding performance for each participant was standardized relative to the 
corresponding permutation-based null distribution, such that zero indicates chance-level decoding. Lines show 
the group mean and shaded regions indicate ± SEM. Asterisks indicate time periods belonging to significant 
group-level clusters (p < .05, cluster-corrected). The video and delay periods served as temporal control 
periods and are displayed with compressed horizontal scaling for illustrative purposes; the underlying time 
points were not removed or averaged. Because decision-period duration varied across participants, the 
group-level time course was restricted to the range of decoding windows shared by all participants. 
Accordingly, the end of the displayed decision-period axis reflects the last common decoding window, 
determined by the participant with the shortest analyzed response interval, rather than the overall mean 
response time (mean RT = 2.18 s). Right: Spatial distribution of electrodes contributing to significant 
multivariate decoding clusters, identified using the Haufe-pattern traceback analysis. Displayed electrodes 
were restricted to participants with a mean subject-level decoding z score > 0.5 within the corresponding 
cluster and to electrodes with an absolute within-subject Haufe-pattern z score > 1. For the video–picture 
match and picture-category contrasts, which each contained two significant temporal clusters, electrodes 
associated with the first cluster are outlined in white and those associated with the second cluster are outlined 
in black. 

 

3.4. Classifier-Evidence Analysis Results 

The temporal ordering of the decoding effects suggested that memory–sensory comparison, 

picture-category information, and decision-related evidence may be dynamically related across 

the decision period. To examine these relationships at the trial level, we tested whether 

fluctuations in absolute classifier evidence were related across the significant decoding clusters 

while controlling for cluster-specific general high-gamma power (Figure 2-4). 

We first asked whether early memory–sensory comparison was related to the initial development 

of picture-category information. Classifier evidence in the first video–picture match cluster 

positively predicted classifier evidence in the first picture-category cluster (β = 0.092, t(1457) = 

2.01, p < .05; Figure 2-4, left). Thus, on trials in which the neural distinction between matching 

and nonmatching pictures was stronger early in the decision period, the subsequent neural 

representation distinguishing picture category was also stronger. 

We next tested whether the later video–picture comparison signal interacted with the emerging 

picture-category representation in predicting decision-accuracy evidence. A significant positive 
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interaction was observed between classifier evidence in the first picture-category cluster and the 

second video–picture match cluster in predicting classifier evidence in the decision-accuracy 

cluster (β = 0.129, t(1454) = 2.61, p < .01; Figure 2-4, middle). At the mean level of video–

picture match Cluster 2 evidence, picture-category Cluster 1 evidence also positively predicted 

decision-accuracy evidence (β = 0.052, t(1454) = 2.06, p < .05), whereas the conditional main 

effect of video–picture match Cluster 2 evidence, evaluated at the mean level of picture-category 

Cluster 1 evidence, was not significant (β = 0.006, t(1454) = 0.25). Critically, the interaction 

indicates that the relationship between early picture-category information and subsequent 

decision-accuracy evidence became increasingly positive as later memory–sensory comparison 

evidence increased. Given that the decision-accuracy contrast indexes whether the available 

information was sufficient to support a correct perceptual judgment, this pattern is consistent 

with the contribution of emerging picture-category information to decision-related evidence 

depending on the strength of continued comparison with the representation maintained from the 

preceding video. 

Finally, classifier evidence in the decision-accuracy cluster positively predicted classifier 

evidence in the second picture-category cluster (β = 0.067, t(1457) = 2.49, p < .05; Figure 2-4, 

right). Trials containing stronger decision-related evidence were therefore followed by stronger 

later picture-category information. 

Together, the three relationships suggest a temporally ordered process in which early memory–

sensory comparison is associated with the initial development of perceptual identification; the 

emerging picture-category representation and continuing memory–sensory comparison jointly 

predict the strength of subsequent decision-related evidence; and this decision-related evidence, 

in turn, predicts the later representation of picture category. This pattern is consistent with an 
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iterative process in which comparison between working memory and sensory information 

continues to contribute to the development of evidence supporting perceptual identification over 

time. 

 

 

Figure 2-4. Population-level predictions from linear mixed-effects models relating absolute classifier evidence 
across significant decoding clusters. All classifier-evidence measures were standardized within participant, and 
cluster-specific general high-gamma power covariates were held at their within-participant means. Left: 
Classifier evidence in video–picture match Cluster 1 positively predicted classifier evidence in picture-
category Cluster 1 (β = 0.092, p < .05). Middle: Picture-category Cluster 1 evidence interacted positively with 
video–picture match Cluster 2 evidence in predicting decision-accuracy Cluster 1 evidence (β = 0.129, p < 
.01). Predicted relationships are shown at video–picture match Cluster 2 evidence values of −1 SD, the within-
participant mean, and +1 SD. Right: Decision-accuracy Cluster 1 evidence positively predicted classifier 
evidence in picture-category Cluster 2 (β = 0.067, p < .05). Lines show population-level fixed-effect 
predictions, and shaded regions indicate 95% confidence intervals. 
 

 

4. Discussion 

 

Perceiving a briefly glimpsed stimulus in light of the recent past requires the brain to bring into 

register two representations that differ in origin, format, and timing: an internally maintained 

trace of prior experience and a transient sensory input. The present findings characterize how this 

registration is achieved, suggesting that memory–sensory comparison operates not as a discrete 
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matching operation but as a sustained computation that is anatomically dissociable from, yet 

dynamically coupled to, the formation of perceptual and decision-related representations. In what 

follows, we consider what this temporally extended architecture implies for accounts of 

attentional templates and predictive processing, for the functional characterization of the default 

mode and frontoparietal networks, and for models of how perceptual decisions are constructed 

from multiple sources of evidence. 

A first implication concerns how memory-based facilitation of perception should be 

conceptualized. Influential template-based accounts, rooted in the biased-competition 

framework, propose that actively maintained content pre-activates matching sensory 

representations so that corresponding input gains a competitive advantage [46, 47]. These 

accounts explain why matching stimuli are prioritized, but they are largely agnostic about the 

temporal structure of the matching process itself, which is often implicitly treated as 

instantaneous or as a preparatory state established before stimulus onset. The present observation 

that correspondence information emerged rapidly and then persisted across much of the decision 

period—continuing to modulate the translation of perceptual identity into decision-relevant 

evidence—suggests instead that the comparison behaves like an ongoing source of evidence in 

its own right. Within sequential-sampling frameworks, a decision variable evolves by integrating 

any signal that systematically discriminates the response alternatives [48, 49]. Our results 

suggest that the output of a memory–sensory comparison can constitute such a signal: rather than 

merely shifting a starting point or lowering a threshold prior to sampling, correspondence with 

working memory appears to be consulted repeatedly while evidence is being formed. This offers 

a mechanistic complement to behavioral modeling work on memory-driven detection advantages 
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and suggests that formal models of memory-guided perception may need to incorporate 

internally generated, temporally extended evidence sources alongside stimulus-driven ones. 

The findings also bear on predictive-processing accounts, which hold that perception arises from 

the reconciliation of top-down predictions with bottom-up input [50–52]. Empirically, 

expectations have been shown to sharpen sensory representations [53] and to instantiate stimulus 

templates in advance of sensory input [54], and memory systems have been proposed to supply 

such predictions, for example through hippocampal pattern completion feeding expected content 

into visual cortex [55, 56]. In much of this literature, however, the moment of comparison is 

conceived as a rapid registration of match or mismatch at stimulus onset, akin to the transient 

comparator responses observed in the hippocampus when unfolding events violate stored 

associations [57, 58]. The present data suggest that when the internal representation is a rich, 

trial-unique episode and the external input is too brief to be fully resolved on arrival, comparison 

takes a different form: correspondence information was sustained for roughly a second after 

stimulus offset and interacted with concurrently developing perceptual representations. This 

pattern is more consistent with an iterative interrogation of the sensory trace against memory 

than with a single prediction-error computation, and it suggests that the timescale of memory–

sensory comparison may adapt to the resolvability of the input—a possibility that static match–

mismatch paradigms are not positioned to reveal. 

The anatomical distribution of the comparison signal speaks to an evolving understanding of the 

default mode network. Long characterized as task-negative and oriented away from the external 

environment [59, 60], the DMN has more recently been situated at the apex of a cortical 

hierarchy—maximally distant from primary sensory regions along the principal gradient of 
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cortical organization [61, 62]—with correspondingly long intrinsic timescales suited to 

integrating information across extended windows [63–65]. Nearly all evidence for this 

integrative role, however, derives from fMRI during naturalistic or narrative paradigms, leaving 

open whether the DMN contributes to cognition on the timescale of individual perceptual 

decisions. The present intracranial results indicate that DMN-associated regions carry trial-

specific information about the relation between remembered and current input within hundreds 

of milliseconds of stimulus onset, and that fluctuations in this information predict the 

downstream development of perceptual and decision signals. This pattern is consistent with a 

view of the DMN not as a system that disengages when the external world demands attention, 

but as a functional interface at which retained context is actively brought to bear on incoming 

input—in line with hierarchical accounts of its connectivity, yet operating at a speed those 

accounts have rarely been able to test. 

The decision-accuracy contrast showed a complementary spatial pattern. Electrodes contributing 

to this signal were broadly distributed across frontoparietal, DMN-associated, visual, and 

sensorimotor regions, with frontoparietal sites contributing relatively more prominently than they 

did to the other contrasts. This relative emphasis accords with a broad literature implicating 

frontoparietal cortex in accumulating and representing information for an impending choice, 

from single-unit recordings in parietal cortex [66] to supramodal accumulation signals in human 

electrophysiology [67] and comparative syntheses across species [68], and with evidence that 

choice-related information emerges progressively in frontal and parietal regions as decisions 

form [69]. On this reading, the decision-relevant evidence observed here would have been 

informed not only by feedforward sensory input but also by the output of a comparison 

expressed more strongly in DMN-associated territory. Together with demonstrations that 
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frontoparietal mechanisms select and transform the contents of working memory itself [70], this 

pattern is suggestive of a graded division of labor in which contextual evaluation and evidence 

integration draw differentially on distinct large-scale systems. We emphasize, however, that the 

broad distribution of contributing sites argues against any strict anatomical segregation: what the 

data support is a difference in relative contribution across systems, not an exclusive localization 

of decision evidence to frontoparietal cortex, and coordination among systems, rather than the 

operation of any one system alone, is likely what supports the resulting judgment. 

The trial-level dependency of later picture-category information on preceding decision-related 

evidence further suggests that perceptual representations continued to be shaped after an initial 

categorization had begun. This is difficult to reconcile with strictly feedforward models of 

recognition and instead accords with recurrent-processing accounts, in which perception of 

degraded or briefly presented input is completed through iterative feedback loops [71]. Causal 

and computational evidence indicates that recurrence is specifically required when recognition is 

challenging [72], and top-down facilitation models propose that coarse initial information rapidly 

generates candidate interpretations that are then tested against accumulating sensory detail [73]. 

The late re-emergence of category information observed here, following and predicted by 

decision-related evidence, may reflect precisely such a consolidation phase, in which a fragile 

trace of the 100-ms picture is progressively stabilized into a robust categorical representation 

adequate to guide the response. Viewed this way, the full sequence of relationships we observed 

echoes, at the level of distributed human cortical activity, the classical proposal that percepts are 

hypotheses refined against evidence rather than read out in a single pass. 
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Several limitations warrant consideration. First, the delay period was not directly probed in the 

present study. Although a subset of electrodes showed significant increases in high-gamma 

activity during the delay, distributed predominantly across occipital and posterior parietal regions 

as well as ventral and medial temporal sites (Figure 2-2), the present analyses were not designed 

to characterize the information represented during this period. This focus was partly intentional, 

as our primary aim was to characterize the information directly involved in the subsequent 

perceptual decision. Accordingly, the present data do not establish how, or in what format, the 

video representation was maintained across the delay—whether through persistent activity in 

these delay-active regions or through complementary mechanisms such as activity-silent or 

distributed coding [74, 75]. Directly characterizing this maintenance process remains an 

important question for future work. Second, the constraints of clinical intracranial research 

apply: electrode coverage was participant-specific and dictated by clinical considerations, and 

the sample was modest in size [76]. Network-level attributions based on this coverage are 

therefore provisional, and medial temporal structures central to comparator accounts of novelty 

and match detection were not systematically sampled, leaving the contribution of the 

hippocampus to the present comparison process an open question. Third, the classifier-evidence 

relationships are correlational; establishing that comparison-related activity causally drives the 

development of decision evidence will require perturbation approaches such as direct electrical 

stimulation of the implicated sites. Finally, and most importantly, our analyses were not a direct 

test of a memory-comparison, evidence-accumulation, and recurrent-refinement sequence per se. 

The temporal ordering of the decoding effects and the trial-level relationships among them are 

consistent with this conceptual reading of the observed dynamics, but they do not isolate it 

experimentally, and other processing schemes could in principle produce similar patterns. The 
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framework outlined in this Discussion should therefore be read as an interpretation suggested by 

the observed temporal dynamics—one whose value lies in organizing the findings and generating 

testable predictions—rather than as a demonstrated mechanism, and the implications drawn here 

should be received with corresponding caution. 

Notwithstanding these limitations, the present findings suggest a candidate architecture for 

memory-guided perception: a comparison between internally maintained and incoming 

representations that begins early, persists over time, and is expressed most strongly in default-

mode territory; a translation of its output into decision-relevant evidence expressed across widely 

distributed regions with relatively greater frontoparietal involvement; and an iterative refinement 

of the perceptual representation that continues until the response. More broadly, they suggest that 

even the perception of a stimulus glimpsed for a tenth of a second is not a feedforward reading of 

the retinal input but an extended transaction between what the brain retains and what the world 

provides—one in which the boundary between remembering and perceiving is a matter of 

ongoing negotiation rather than fixed division. 
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Chapter 3. Confidence Gates: A Re-examination of 

Evidence for False Feedback 

 
 
 

1. Introduction 

 

We rarely make a decision and leave it there. Having committed to a choice, we are routinely 

told whether it was right — by a colleague, an instrument, a grade, or, increasingly, an 

automated system — and we must then integrate that external verdict with a belief we already 

hold. How people do this has long been studied under the heading of advice taking, and the first-

order picture is strikingly simple. People generally combine their own judgment with an outside 

opinion by averaging the two, taking a weighted blend of the estimates [1,2]. This strategy is 

robust because the average of two imperfect estimates tends to be at least as accurate as either 

estimate alone. Yet the blend is systematically lopsided: people anchor on their own view and 

move only partway toward the advice, a conservative under-use known as egocentric 

discounting, with the weight assigned to outside opinion typically falling well short of an even 

split [3]. In practice, this resembles a simple heuristic that nudges one's estimate a fixed fraction 

toward the verdict — an automatic, reliability-blind averaging process that reproduces the 

familiar under-weighting of advice regardless of whether the verdict deserves to be trusted. 

But the verdicts we receive are not uniformly trustworthy. A colleague can be mistaken, a test 

can be miscalibrated, and an algorithm can err at rates that drift as conditions change [4]. 
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Reliability is uncertain, often unsignaled, and rarely fixed. The challenge facing an efficient 

decision-maker is therefore not merely whether to incorporate external feedback, but how 

strongly to weight it given a reliability that must itself be inferred. When weighting is 

appropriate, combining two estimates can yield greater accuracy than relying on either alone 

[5,6]. Meeting this challenge requires some internal indication of how much weight one’s own 

judgment deserves relative to the external verdict. Decision confidence offers precisely such a 

signal: by expressing how likely one believes one’s judgment to be correct, it provides a basis for 

determining how readily conflicting feedback should be accepted. 

A large body of work has shown that, after making a judgment, people can estimate how likely 

they are to have been correct, and that these confidence reports track performance across 

domains ranging from perceptual discrimination to memory, reasoning, and other higher-level 

cognitive tasks [7–9]. Although confidence is not perfectly calibrated, it provides a trial-by-trial 

metacognitive readout of the strength and reliability of one’s own belief [10,11]. This makes it 

particularly well suited to feedback integration. If confidence is, as decision science proposes, an 

estimate of the probability that a choice is correct [12,13], then it is expressed in precisely the 

terms needed to compare one’s own judgment with an external claim. Consistent with this view, 

confidence governs both how much an outside opinion is absorbed and how trust in a source 

develops across repeated encounters [14]. Moreover, when people exchange confidence rather 

than merely communicating their choices, confidence-weighted integration can approach 

statistical optimality [5]. Confidence may therefore serve not simply as a report about one’s own 

decision, but as the internal signal through which the credibility of external feedback is evaluated 

and learned over time [15]. 
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Although confidence appears to provide the signal from which the reliability of external 

feedback is inferred, what remains unclear is the mechanism on the far side of that inference: 

how belief revision is actually carried out once confidence has suggested that a verdict may be 

unreliable. A natural default account makes a strong but limiting prediction. If revision simply 

turns a “volume knob” on the verdict, the revised belief is computed from just two inputs: the 

reported confidence and the verdict. It follows that any two trials sharing the same confidence 

and the same verdict must end in the same revised belief. In particular, the revision cannot come 

out differently when the verdict happens to be false than when it is genuine — the revision 

process has nothing with which to tell the two cases apart, because the truth of the verdict is 

precisely what it never sees. Yet confidence is only a compressed and imperfect summary of the 

evidence underlying a decision [12,13]. This leaves open another possibility: rather than relying 

exclusively on this summary, the decision-maker may return to the evidence from which it was 

derived. 

Several findings suggest that such a return is feasible. Evidence can remain available after a 

decision and continue to be processed: it may accumulate beyond the initial choice, producing 

changes of mind in the absence of new input [16,17]; a second, more deliberative confidence 

judgment may be better calibrated than an initial one [18,19]; and confidence itself may signal 

when further evaluation is worthwhile [15]. A verdict that conflicts with a confident judgment is 

therefore precisely the kind of event that could trigger a re-examination of the underlying 

evidence. This yields a prediction the volume-knob account cannot accommodate. Compare 

trials on which the reported confidence and the verdict are identical, but the verdict is genuine on 

some and false on others. Because the underlying evidence is richer than the single number into 

which it was compressed, a second look can tell these cases apart in a way the confidence report 
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alone cannot. Revised confidence should therefore end up systematically higher on trials where 

the initial choice was in fact correct — the revised belief tracks the truth even though everything 

the volume-knob account operates on is held fixed. 

Taken together, these considerations suggest a confidence-gated process in which confidence 

serves a dual function in the exchange between internal and external information. In one 

direction, confidence is used to evaluate the external signal: the more confident one is in an 

initial judgment, the less credible a contradictory verdict becomes, because a verdict that opposes 

a near-certain judgment is more likely to be mistaken. In the other direction, the external signal 

acts on internal processing: a verdict that conflicts with a confident judgment serves as a cue to 

reopen the case and re-examine the evidence underlying the original belief. Confidence thus acts 

as a bidirectional coupling signal between internal and external information. It allows internal 

evidence to inform the evaluation of external feedback while also allowing external feedback to 

determine whether stored internal evidence should be revisited. We propose that this confidence-

gated coupling enables people to detect and resist false feedback. 

Our proposal unifies several ideas about feedback incorporation that have traditionally been 

studied in isolation. At the foundation lies heuristic averaging: a fixed, reliability-blind pull 

toward the verdict. Superimposed on this is confidence-based reliability estimation, together with 

the re-evaluation of post-decisional evidence when feedback calls the original judgment into 

question. Rather than treating heuristic averaging, confidence-based weighting, and post-

decisional evidence processing as competing explanations, we propose that they operate jointly 

within a single feedback-integration mechanism. 

We test this framework using a confidence–feedback–confidence (CFC) paradigm and a 

generative model designed around it. In the task, participants made a difficult perceptual 
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judgment, rated their confidence in that judgment (C1), received a verdict from an “automated 

grader” the reliability of which drifted covertly throughout the session, and then rated their 

confidence again (C2). Because the verdict was secretly inverted on a subset of trials, we know 

on every trial whether the feedback was genuine or false. This yields exactly the comparison the 

re-examination account’s prediction calls for — that the revised belief should track the truth even 

with reported confidence and verdict held fixed: trials that share the same reported confidence 

and the same verdict but differ only in whether the verdict was true. If the second confidence 

judgment ends up systematically higher on the trials where the choice was in fact correct, it has 

recovered information about the true state of the world that the first report did not carry — and 

that recovery is precisely what it means to have partly detected the false feedback. This 

comparison provided an objective, trial-level measure of false-feedback detection. (Throughout 

the paper we use “detection” as shorthand for this quantity, false-feedback detection, and never 

for the perceptual detection of the stimulus.) 

We formalized these processes in a single-observer generative model. The model first 

incorporates each verdict through a fixed-fraction heuristic averaging step. It then uses its own 

confidence to infer whether the verdict is likely to be genuine or inverted. When a contradiction 

is judged likely to reflect false feedback, the model re-examines its stored evidence and resists 

the verdict accordingly. False-feedback detection is therefore attributed specifically to the 

confidence-gated process. Critically, the model predicts rather than assumes that false-feedback 

detection should emerge primarily at high levels of confidence and predominantly following 

contradictory verdicts. The confidence threshold is determined by the grader’s error rate rather 

than fitted as a free parameter, and the resulting predictions match the observed pattern of 

behavior. 
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Importantly, the same framework also extends naturally to individual differences in 

metacognitive efficiency—the fidelity with which confidence tracks accuracy [7,20]. Individuals 

differ substantially in how accurately their confidence distinguishes correct from incorrect 

judgments, and these differences have been associated with variation in behavior across multiple 

domains [21,22]. However, comparatively little is known about how metacognitive efficiency 

shapes the effectiveness of feedback integration. In our framework, confidence provides the 

signal that links internal evidence to the evaluation of an external verdict. The fidelity of that 

signal should therefore influence the coherence of feedback integration: individuals with higher 

metacognitive efficiency should be more likely to revise their beliefs in a consistent and 

appropriate direction. 

The model thus seeks to explain not only how feedback is integrated within an individual, but 

also why some individuals integrate feedback more effectively than others. Consistent with this 

prediction, the same metacognitive-efficiency parameter governing both the initial and post-

feedback confidence reports predicted the observed coherence of feedback integration across 

participants. 

2. Methods 

 

2.1 Participants 

We recruited participants online through Prolific, a platform for paid behavioral research. All 

procedures were approved by the Institutional Review Board of the University of California, Los 

Angeles, and all participants gave informed consent before taking part. Eligibility was restricted 

to adults aged 18–40 with normal or corrected-to-normal vision, English as a first language, a 
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Prolific approval rating of 100%, and more than 50 prior approved submissions. Each person 

completed a single session lasting roughly an hour and received a fixed payment of $18 for 

taking part, plus a performance-based bonus of up to $6 that rewarded accurate choices and, 

especially, accurate confidence reports (the scoring rule is described at the end of Section 2.2). 

Paying for accurate confidence gives participants a concrete reason to report what they truly 

believe rather than responding carelessly. 

Ninety people completed the full task. We then applied a set of quality-control criteria, fixed in 

advance, that were designed to remove participants who were not engaging with the task or 

whose data could not support the analyses (the criteria are detailed at the end of Section 2.2); 74 

participants passed and form the basis of all analyses reported below.  

 

2.2 Task and design 

Each trial began with a brief display containing two patches of dots, and the participant decided 

which patch had more dots — a simple two-alternative perceptual judgment. Concretely, after a 

500-ms fixation cross, two black squares appeared side by side for 300 ms, each containing a 25 

× 25 grid of positions (625 in total), a subset of which was filled with white dots. The reference 

square was always half-filled (313 dots), while the other contained 313 + Δ dots, with the more-

numerous square equally often on the left or the right; participants then indicated, at their own 

pace, which side had contained more dots. We made this judgment deliberately difficult, and we 

tuned its difficulty continuously for each person using an adaptive one-up/two-down staircase: 

the task was made slightly harder only after two correct responses in a row and slightly easier 

after a single error, with equal step sizes up and down (in log space). Specifically, the staircase 

operated on x = ln(Δ), starting at x = 4.2 (Δ ≈ 67 dots) and moving in steps of 0.4 log units over 
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the first six trials, 0.2 over the next five, and 0.1 thereafter, with Δ bounded between 1 and 70 

dots. This rule converges on the difficulty at which the participant is correct about 71% of the 

time. The point of this procedure is to put everyone at roughly the same level of perceptual 

performance, so that differences between people reflect how they handle confidence and 

feedback rather than differences in their perceptual discrimination ability. 

Immediately after choosing, the participant reported how confident they were that their choice 

was correct, on a sliding scale from 50% (a pure guess) to 100% (complete certainty). We call 

this first rating C1. The slider always began from a fresh random position on every rating, so 

participants could not simply leave it where it was, and the C1 value was never shown again. 

Next, an “automated grader” delivered a verdict on the choice — either “CORRECT” or 

“INCORRECT”. Participants had been introduced to this grader in the instructions (where it was 

labelled an “automated detector”): they were told that it would also count the dots and score each 

choice, and — verbatim — that it was “usually, but not always, accurate — it is an imperfect 

machine and sometimes scores a choice wrongly”. Finally, the participant rated their confidence 

a second time, answering the very same question (“how confident are you that your choice was 

correct?”) on the same 50–100% scale and again from a fresh, random slider start position; we 

call this second, post-feedback rating C2. Every trial is therefore a confidence → feedback → 

confidence sequence, and the question at the heart of the study is how the verdict in the middle 

moves a person from C1 to C2.  

The main task consisted of 240 such trials (Figure 3-1). It was preceded by a 70-trial calibration 

block containing the same perceptual choice and a single confidence rating, but no grader and no 

feedback. The purpose of this block was to let the staircase settle on each person’s difficulty 

level before the main task began. 
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A further manipulation concerned how trustworthy the grader actually was — and, importantly, 

this varied without the participant being told. Behind the scenes the session was divided into six 

hidden segments. In each segment the grader had a fixed “inversion rate”, q: the probability that, 

on any given trial in that segment, it would flip its verdict and announce the opposite of the truth 

(calling a correct choice “incorrect”, or vice versa). We used three levels of q — 0 (a perfectly 

reliable segment, never wrong), 0.3 (wrong on about a third of trials), and 0.5 (wrong half the 

time, i.e., uninformative). Each of the three levels was used in exactly two of the six segments, 

so that exposure to each level was matched at 80 trials over the session. The order of the six 

segments was a random permutation constrained so that no two adjacent segments shared the 

same reliability and the segment lengths were themselves randomized (each level’s 80 trials were 

split between its two segments, with each part between 30 and 50 trials long). Note that this 

whole schedule — the order of the segments and their lengths — was generated afresh from a 

random seed for each participant, which decouples the grader’s reliability from absolute position 

in the session and means no two people saw the same sequence of changes. Averaged over the 

whole session, the grader inverted its verdict on about 27% of trials (q̄ = 0.267). Participants 

were simply told that the grader was imperfect and that how much to rely on it was up to them; 

they were never shown the reliability schedule, and they never received any per-trial point 

feedback, because seeing their score on each trial would have revealed which verdicts had been 

inverted. Finally, at twelve unannounced points in the main task (two per hidden segment, never 

within the first five trials of a segment), participants were additionally asked, immediately after 

the C2 rating, to estimate the grader’s current reliability — “Right now, how often do you think 

the detector is correct?” — on a slider from 0% (never) to 100% (always) that started at a 
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random position. 

 

 

 

 

Figure 3-1. Confidence–feedback–confidence (CFC) task. Each trial: a brief dot-discrimination stimulus (two 
patches; the participant reports which contains more dots; the actual stimuli were two square boxes, drawn here 
as round patches for illustration), a left/right choice, a pre-feedback confidence rating (C1), a verdict from an 
“automated grader,” and a post-feedback confidence rating (C2). The grader’s reliability was covert and 
volatile: six hidden segments had true inversion rates q ∈ {0, 0.3, 0.5}, each level used in exactly two 
segments in a per-participant randomized order (experienced mean q̄ = 0.267), and on inverted trials the 
verdict was flipped relative to the truth. 
 
Participants received the bonus payment based on their performance in the task which combined 

two kinds of points. Choice points added +1 for every choice that was actually correct, regardless 

of what the grader said. Confidence points rewarded accurate confidence through a standard 

proper scoring rule (the quadratic, or Brier, rule) [23]: each rating earned 1 − (confidence/100 − 

outcome)² points, where “outcome” is 1 if the choice was actually correct and 0 if not. Because a 

proper rule penalizes both over-stated and under-stated confidence, participants maximized their 

expected points only by reporting their true probability of being correct, and the rule was applied 

to both the C1 and the C2 rating, so well-judged confidence paid off at both moments. 

We removed participants whose data could not support the analyses or who showed signs of 

disengagement: overall accuracy outside 0.60–0.85 (well below suggests disengagement; well 

above, a staircase that failed to make the task hard enough to produce informative errors); 
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calibration confidence ratings that were almost all the same value (a near-flat distribution, SD < 

3.5, indicating the scale was not genuinely used); three or more failed attention checks; a 

staircase that never settled on a stable difficulty; or failure of a basic compliance check — in the 

perfectly reliable (q = 0) segments, where the grader is always right, any sensible participant 

should on average shift their confidence toward what the verdict says, and we excluded anyone 

who did not. After these participant-level exclusions, we also removed a small number of 

individual trials (1.1%) on which the confidence change was a wild outlier relative to that same 

participant’s usual revisions — most likely lapses or mis-clicks — using a robust outlier rule 

(per-participant residuals beyond three standard deviations). This removed 1.1% of trials, leaving 

17,564 trials from 74 participants for analysis. 

 

2.3 Formal generative model 

We built a computational model of a single observer and asked whether it can explain the 

observed behavior. We first sketch the model in words, then give its formal specification. On 

each trial the model sees the stimulus as one noisy sample of evidence, makes its choice, and 

reports a first confidence (C1) by reading out that evidence imperfectly. When the verdict 

arrives, the model revises its confidence in two distinct ways. Most of the revision is a cautious 

compromise: it shifts its confidence a fraction of the way toward what the verdict implies 

(toward certainty after “CORRECT”, toward chance after “INCORRECT”); this is the average, 

or mean, revision. On top of that, it performs a check on whether the verdict can be trusted: it 

works out, from its own confidence and the grader’s typical error rate, how likely it is that this 

particular verdict is a lie, and if it concludes the verdict is probably inverted it re-examines its 

memory of the stimulus and resists — and this is what produces false-feedback detection. 
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Finally, and importantly, the model reports its revised confidence (C2) through the very same 

noisy channel that produced C1, so the one quantity that blurs C1 also adds scatter to C2.  

Turning now to the formal specification: the observer is defined by the following generative 

process. A trial has a true state d ∈ {−1, +1} (which side has more dots). The observer draws one 

noisy evidence sample and chooses the favored side: 

 
x₁ ~ Normal(d·v, 1);   a = sign(x₁);   correct = [a = d] 

 
with drift v setting sensitivity (d′ = 2v). The evidence carries a log-odds of being correct equal to 

2v·|x₁|. This is turned into a reported confidence by a metacognitive readout that applies a gain g 

— over- or under-confidence, a property of how evidence is reported rather than of the decision 

itself, which uses only the sign of x₁ — together with readout noise σ: 

 
C₁ = sigmoid( g · 2v·|x₁| + Normal(0, σ) ),  clipped to [0.50, 0.995] 

 
Here g > 1 yields over-confidence and σ sets metacognitive efficiency (M-ratio). The verdict is 

generated by inverting the true outcome with the segment’s probability q, giving valence F = +1 

(“CORRECT”) or −1 (“INCORRECT”). Revision then has two levels, deliberately on two 

scales. Across participants, the mean of the estimated integration weights is a conservative linear 

pool toward the verdict-implied pole, on the probability scale: 

 
C₂_pool = (1 − w_F)·C₁ + w_F·anchor_F 

 
with a weight and anchor per valence (told-CORRECT moves toward certainty, told-

INCORRECT toward chance). False-feedback detection operates on the latent log-odds scale. 
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First, the observer infers whether the verdict is genuine or inverted, using its own confidence and 

an assumed inversion rate q̂: 

 
P(inverted | C₁, F) = P(F | inv)·q̂ / [ P(F | inv)·q̂ + P(F | gen)·(1 − q̂) ] 

judge = 1 if P(inverted | C₁, F) > 0.5, else 0 

 
For a disconfirming verdict this crosses 0.5 at C₁ = 1 − q̂; with q̂ = 0.267 the gate sits at ≈ 73%. 

When the observer concludes the verdict is inverted, it re-examines the evidence — re-reading 

the stored stimulus as a partially independent sample (correlation ρ with the original evidence): 

 
x_redel = d·v + ρ·(x₁ − d·v) + √(1 − ρ²)·ε,   ε ~ Normal(0,1) 

L_redel = g · 2v · (a · x_redel) 

δ_redel = L_redel − E[L_redel | C₁, F] 

 
Here δ_redel is the surprise in the re-deliberation: how much the re-examined evidence deviates 

from what the observer’s own confidence already implied, E[L_redel | C₁, F]. False-feedback 

detection scales with this prediction error rather than with the raw re-read, which has two 

consequences. Mechanistically, the observer revises in proportion to how far a second look 

departs from its prior expectation — a within-trial quantity it has access to, not a comparison 

across other trials. Statistically, because the increment has zero expectation given C₁ and F, it is 

orthogonal to the mean revision by construction: the average revision is carried entirely by the 

linear pool, and δ_redel only redistributes confidence within a (valence × C1) cell according to 

whether the trial was, in fact, correct. In practice we approximate the conditional expectation 

E[L_redel | C₁, F] by the empirical mean within each (valence × C1-bin). Finally, C2 is reported 
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through the same noisy metacognitive channel as C1 (an independent draw of σ), which scatters 

the update and occasionally pushes it against the verdict: 

 
C₂ = sigmoid( logit(C₂_pool) + κ_redel·judge·δ_redel + Normal(0, σ) ) 

 
The per-valence pool {w, anchor} is fit per participant by ordinary least squares of C2 on C1; the 

single false-feedback detection weight κ_redel is fit at the group level to the high-confidence 

disconfirming genuine/inverted gap. Three quantities are fixed rather than fitted: the drift v (set 

by the staircase), the assumed inversion rate q̂ (set to the experienced average 0.267, so the gate 

is derived not fitted), and ρ (validated by a robustness sweep showing the observed false-

feedback detection is reached at ρ ≈ 0.5). Representative values were v = 0.553 (d′ ≈ 1.1), g = 

1.85, σ = 0.45, w ≈ 0.29–0.37, κ_redel = 0.058. Crucially, σ is a single parameter shared by C1 

(setting M-ratio) and C2 (setting integration coherence); no separate parameter couples 

metacognition to coherence. One further modelling choice is worth making explicit: the 

genuineness inference uses the reported C₁ at face value — the observer does not discount its 

own metacognitive noise σ when judging whether a verdict is inverted. Consequently σ leaves 

the magnitude of false-feedback detection essentially unchanged and acts almost entirely on 

coherence. This is deliberate: an idealized observer that discounted C₁ by σ would detect less at 

higher noise, implying a positive M-ratio–false-feedback detection relationship — which the data 

do not show (Section 3.4). Taking C₁ at face value is what keeps false-feedback detection σ-

invariant, matching that null. 

A note on q̂: because participants are never told the grader’s error rate, we interpret it not as 

knowledge the observer is given, nor as a value learned online over the session, but as an 

assumed prior the observer brings to the task — most plausibly anchored by the instruction that 
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the grader is imperfect, together with generic skepticism. Consistent with this, false-feedback 

detection is present from the earliest trials (Section 4.5) rather than ramping up over the session 

as an online-learned estimate would predict; and, as the reliability-invariance result shows, this 

assumed rate is then held roughly fixed rather than being re-estimated block by block. 

 

3. Results 

 

3.1 Mean revision: conservative and underweighted 

By design, the staircasing held everyone’s choice accuracy near 71%. Participants were 

nonetheless markedly over-confident: mean pre-feedback confidence (C1) was 80.8%, well 

above accuracy, with substantial variation across people (between-subject SD ≈ 10 points); mean 

post-feedback confidence (C2) was similar, at 82.3%. Because the grader erred often, 

participants were told “INCORRECT” on 40% of trials, giving a large supply of disconfirming 

verdicts.  

The verdict moved confidence in the expected direction — up after “CORRECT”, down after 

“INCORRECT” — but by much less than it should have. To quantify this effect, we compared 

each person’s actual confidence changes with those of a learning-free ideal integrator, a 

benchmark observer that starts from the participant’s own stated confidence and revises it by 

Bayes’ rule given the grader’s session-average reliability (73% correct). For example, if a 

participant reported 80% confidence and was then told “INCORRECT”, the benchmark would 

lower confidence to about 59%; a participant who instead stopped at about 71% made roughly 

half of the prescribed revision (all changes are computed in log-odds units). The integration 

weight η summarizes this across a person’s trials as the slope of actual on prescribed changes — 
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η = 1 means revising exactly as much as the benchmark, η < 1 under-using the feedback. The 

mean was η = 0.51 (median 0.46). In plain terms, people revised in the right direction, but only 

about half as far as the feedback warranted. This conservative under-use of outside information 

is the “egocentric discounting” long documented in advice taking [1–3], and it behaves here like 

a default assimilation heuristic — a cheap, always-on partial acceptance of the verdict that runs 

whether or not the verdict deserves trust. Notably, this conservatism barely changed as the 

grader’s reliability drifted: the mean verdict-aligned confidence change was 0.92, 0.88 and 0.87 

log-odds units in blocks with q = 0, 0.3 and 0.5, respectively — far less variation than a 

participant applying the current reliability would show.  

 

3.2 False-feedback detection: high-confidence and conflict-specific 

Beyond the average pull toward the verdict, we next asked whether participants could detect 

false — that is, inverted — feedback, and whether such false-feedback detection is visible in the 

revised confidence. The logic of the test is as follows. Take all trials on which people reported 

the same C1 and received the same verdict: on some of these trials the verdict was genuine, on 

others it was a lie. From the participant’s point of view the two sets are indistinguishable at the 

moment of revision — everything they could see, their own stated confidence and the verdict, is 

identical — and only the hidden truth of the verdict differs. Any revision strategy that works 

only from C1 and the verdict must therefore produce, on average, the same C2 in both sets. If C2 

instead ends up systematically higher on the trials where the choice was actually correct, the 

revision must have drawn on information beyond those two inputs — the participant has, at least 

in part, seen through the false verdict. We therefore measure false-feedback detection as the 

difference in C2 between actually-correct and actually-wrong trials at matched C1 and verdict 



68 

type: within narrow 5-percentage-point bins of C1, we take the mean C2 of actually-correct trials 

minus that of actually-wrong trials, and average the differences across bins. 

False-feedback detection was present, but only under specific conditions (Figure 3-2, Table 3-1). 

For disconfirming “INCORRECT” verdicts delivered at low confidence (C1 < 75%), there was 

no sign of it: matched on confidence, actually-correct trials ended no higher than actually-wrong 

ones (−0.29 points, p = .53). At high confidence (C1 ≥ 75%) it clearly emerged: actually-correct 

trials held +1.35 points higher (95% CI [0.57, 2.14], p = .001). A complementary regression 

confirmed it: predicting actual accuracy from standardized C1 and C2 together, the coefficient on 

C2 — its information about accuracy over and above C1 — was reliably positive on these trials 

(+0.06, 95% CI [0.04, 0.09], p < .001). Confident participants, in other words, partly saw through 

a false “INCORRECT”. For confirming “CORRECT” verdicts, by contrast, false-feedback 

detection was negligible even at high confidence (+0.21, 95% CI [−0.10, 0.52], p = .20) — about 

a sixth of the disconfirming effect. 

 

Cell (matched on C1) False-feedback detection (pts) 95% CI p 
Told INCORRECT, C1 < 75 −0.29 [−1.19, 0.61] .53 
Told INCORRECT, C1 ≥ 75 +1.35 [0.57, 2.14] .001 
Told CORRECT, C1 < 75 +0.30 [−0.63, 1.23] .53 
Told CORRECT, C1 ≥ 75 +0.21 [−0.10, 0.52] .20 

Table 3-1. Matched false-feedback detection (subject-level mean C2 of actually-correct minus actually-wrong 
trials at equal C1), by verdict valence and confidence. False-feedback detection appears only at high 
confidence and overwhelmingly for disconfirming verdicts; the told-CORRECT effect is small and not 
significant. 
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Figure 3-2. Confidence revision by verdict valence and the hidden truth of the feedback: data (points, 95% CI) 
versus the single-observer generative model (dashed lines, fixed theory-derived parameters simulated forward 
on the real schedules). Post-feedback confidence (C2) is plotted against pre-feedback confidence bin (C1), 
separately for genuine (blue) and inverted (red) feedback. Points and lines are subject-averaged bin means, and 
within each bin both series are restricted to the same participants (or simulated observers) — those 
contributing at least two trials of each type — so that the vertical gap between them is a within-participant 
contrast, as in Table 3-1. Error bars are 95% CIs on each series, not on the gap. The two panels use different y-
axis ranges. Shading marks the high-confidence region (C1 ≥ 75%). In the told-INCORRECT panel, inverted 
feedback (where the participant was actually correct) holds C2 above genuine feedback at high confidence — 
partial resistance to false verdicts, reproduced by the model. The told-CORRECT divergence is much smaller.  
 
The comparisons so far are descriptive, taking one confidence-by-valence cell at a time. Our 

primary inferential test therefore estimates false-feedback detection and its moderators jointly, in 

a single trial-level model of C2 on high-confidence trials in the partly-unreliable blocks (q ∈ 

{0.3, 0.5}; the fully reliable blocks are excluded, since with no inversions the verdict and the 

truth are equivalent). It controls for C1 and lets false-feedback detection interact with verdict 

valence and with the current and recently experienced (previous 30 trials) inversion rates, and 

was fit within each participant and tested across the sample; a pooled model with cluster-robust 

standard errors agreed (Table 3-2). False-feedback detection was significant (β = +0.99, p = 



70 

.002) and far larger for disconfirming than confirming verdicts (detection × valence, β = +2.01, p 

< .001); estimated within each valence, the simple effect was strong for disconfirming verdicts 

(+2.00, p < .001) and essentially zero for confirming ones (−0.01, p = .97), in agreement with the 

confidence-matched comparison above. (We quote Table 3-1’s confidence-matched values as the 

false-feedback detection magnitudes, because the regression is fit on raw C2, where told-

CORRECT sits near the response ceiling.) By contrast, neither reliability term moderated false-

feedback detection: it was no stronger when the current block was less reliable (detection × 

block, β = +0.99, p = .14) and did not scale with the recently experienced inversion rate (β = 

−0.29, p = .49; Table 3-2). This insensitivity is notable because participants were not oblivious to 

the reliability changes: their answers to the periodic probe question tracked the grader’s current 

reliability (mean within-subject r = 0.33, p < .001, positive in 85% of participants). Explicit 

monitoring and trial-by-trial revision thus appear to come apart — a contrast we take up in the 

Discussion (Section 4.4). 

 
Mixed-model term β t p 
False-feedback detection (actually 
correct) 

+0.99 3.19 .002 

× verdict valence (told-INCORRECT) +2.01 4.55 <.001 
× current block (q0.5 vs q0.3) +0.99 1.51 .14 
× recent inversion rate (per SD) −0.29 −0.70 .49 

Table 3-2. Key effects from the trial-level analysis (7,847 high-confidence trials from 74 participants in q ∈ 
{0.3, 0.5}; C2 as outcome). Coefficients are the mean of per-subject estimates, tested across participants (t); a 
pooled subject-fixed-effects model with cluster-robust SEs agrees. False-feedback detection and its conflict-
specificity are significant; neither the current block's reliability nor the recently-experienced inversion rate 
significantly modulates false-feedback detection. 
 

3.3 Single-observer model fitting and comparison 

Why does false-feedback detection happen only at high confidence, and only for contradictions? 

Our single-observer generative model proposes that false-feedback detection is a small inference 
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the observer runs on each trial: given how confident I was, and how often this grader errs, how 

likely is it that this particular verdict is a lie? The intuition needs no mathematics. If you were 

95% sure and the grader says “INCORRECT”, either you genuinely erred or the grader inverted 

— and your own confidence makes the second reading the likelier one, so you hold your ground. 

If you were only 55% sure, the same verdict is perfectly believable, and you accept it. 

Worked through formally, a disconfirming verdict becomes more likely a lie than the truth 

exactly when confidence exceeds 1 − q̂, where q̂ is the grader’s assumed error rate. Plugging in 

the error rate participants actually experienced (q̂ = 0.267) puts the threshold at about 73% 

confidence — essentially where false-feedback detection switched on in the data. Nothing was 

fitted to produce this number: the location of the high-confidence onset is a prediction inherited 

from the grader’s error rate. When the observer concludes a verdict is probably inverted, it takes 

a second look at its stored impression of the stimulus and uses that to resist. 

The same inference explains the valence asymmetry. To suspect a “CORRECT” verdict of being 

a lie, you would have to believe you were probably wrong despite having just chosen — 

confidence below about 27% — which the scale cannot even express, since confidence in one’s 

own choice cannot fall below 50%. Confirming verdicts are therefore essentially never flagged, 

and conflict-specificity follows with no extra assumption. Run forward on each participant’s own 

reliability schedule, the model reproduces the data closely (Figure 3-2): the 71% accuracy, the 

mean confidence levels (C1 ≈ 80, C2 ≈ 81), the shape of both revision curves, high-confidence 

disconfirming false-feedback detection of +1.36 points (data: +1.35), and near-zero false-

feedback detection in the other three cells — including the confirming-verdict cell, where the 

model’s prediction of essentially nothing is borne out (model ≈ 0; data +0.21, not significant). 
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Reproducing the data, however, does not by itself show which parts of the model are doing the 

work. We therefore tested its two essential ingredients — the confidence gate, and the re-

examination of stored stimulus evidence that it triggers — by lesioning each in turn and asking 

how false-feedback detection changes. We compared the full model against three variants built 

on identical machinery, each given the same false-feedback detection weight where one applies, 

and scored all four on the four false-feedback detection cells (Figure 3-3): a trust/weighting 

model with no re-examination, in which C2 is only a confidence-weighted compromise between 

C1 and the verdict — the standard advice-taking account, in which confidence does nothing but 

set how far to move; a re-examination that re-reads the same evidence without drawing a fresh 

sample (ρ = 1); and an ungated re-examination that runs on every trial, conflict or not. 

Each variant fails informatively. The trust/weighting model produces essentially no false-

feedback detection (high-confidence disconfirming +0.14, versus +1.35 in the data): any rule that 

maps C1 and the verdict onto C2 leaves nothing at matched C1 that can track the truth, so 

confidence-as-trust alone cannot generate false-feedback detection. Re-reading the same 

evidence is nearly as weak (+0.28): the re-examination must draw partially independent evidence 

from stimulus memory rather than re-use what the confidence report already carried. The 

ungated variant produces false-feedback detection everywhere — including at low confidence 

and for confirming verdicts (told-CORRECT, low confidence: +1.29) — which the data 

contradict. Only the full model reproduces the observed localization (four-cell RMSE 0.16, 

versus 0.55–0.77 for the alternatives). False-feedback detection therefore needs both ingredients: 

a re-examination of the evidence itself, not a re-weighting of confidence, and a gate that engages 

only when feedback conflicts with a confident judgment. 
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Figure 3-3. Model comparison. False-feedback detection (matched C2 of actually-correct minus actually-
wrong trials) in the four confidence × valence cells, for the data (per-subject matched, as in Table 3-1) and four 
models that share identical machinery: A, trust/weighting only (no re-examination); B, re-examination that re-
reads the same evidence (ρ = 1); C, ungated re-examination (every trial); and D, the full model — a 
confidence-gated re-examination of partially-independent stimulus evidence. Only D reproduces the data: 
false-feedback detection localized to high-confidence disconfirming verdicts. A and B produce almost no 
false-feedback detection; C produces detection in every cell. 
 

3.4 Metacognitive efficiency predicts integration coherence 

We next asked whether metacognitive efficiency — how faithfully a person’s confidence tracks 

their own accuracy — shapes how participants handle feedback. We quantified it with the 

standard signal-detection measure meta-d′, expressed as the M-ratio (meta-d′/d′): an M-ratio of 1 

means confidence is as informative about accuracy as an ideal observer’s would be, and lower 

values mean it tracks accuracy more weakly [7,20]. Each person’s M-ratio was computed from 

all 310 pre-feedback ratings they gave — the 70 calibration ratings plus the 240 C1 ratings from 
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the main task. Because every rating entering the measure precedes the verdict on its trial, M-ratio 

is uncontaminated by the feedback manipulation. 

Metacognitive efficiency did not predict false-feedback detection (we return to why in the 

Discussion). What it predicted — strongly — was the coherence of revision: whether updates 

went in a sensible direction at all. Some revisions run against the verdict — confidence rising 

after “INCORRECT”, or falling after “CORRECT” — and the fraction of such wrong-way 

moves is our measure of integration coherence, capturing not how much people moved but 

whether they moved sensibly. M-ratio correlated −0.40 with that fraction (p < .001; Figure 3-4, 

left), and −0.42 with the magnitude-weighted version, which additionally weights each wrong-

way move by its size (p < .001; Figure 3-4, right). Concretely, the least metacognitively efficient 

third of participants moved the wrong way on roughly 11% of trials, the most efficient third on 

only about 6%. The relationship survived controlling for differences in mean confidence, in 

confidence variability, and in how often ratings changed at all (partial r = −0.40, p < .001).  

 

 

Figure 3-4. Metacognitive efficiency (M-ratio) predicts feedback-integration coherence. Left: fraction of 
revisions against the feedback; right: against-feedback displacement (frequency × magnitude). Blue points and 
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line: data. Red dashed line: the single-observer generative model with C2 readout noise σ_rep varied across 
simulated participants. Both data and model show fewer incoherent revisions at higher M-ratio. 
 
The single-observer generative model produces this individual difference without any added 

machinery. Both confidence reports pass through the same noisy readout channel, and the level 

of that noise is exactly what sets a person’s M-ratio. One quantity therefore does double duty: 

more readout noise makes confidence track accuracy more weakly, and it makes the post-

feedback report more likely to be swamped by noise and land on the wrong side of the verdict. 

Varying only this noise level across simulated participants reproduced both the realistic rate of 

wrong-way revisions (about 10% at typical noise levels; 7.8% in the data) and the negative M-

ratio–incoherence relationship (r = −0.36 to −0.37, matching the estimate in the data; Figure 3-

4). 

The upshot is a clean dissociation. Metacognitive ability does not make people better at detecting 

inaccurate feedback — the model treats that computation as available to everyone — but it 

governs how faithfully the result survives being turned into a report.  

 
 

4. Discussion 

 
Can people detect inaccurate feedback using nothing but their own confidence? Yes, but only 

within limits that are themselves informative. When the grader contradicted a confident 

judgment, the revised confidence tracked the truth beyond what the first report had already 

conveyed: at matched C1 and verdict, C2 was reliably higher when the choice had in fact been 

correct. False-feedback detection appeared only above roughly 75% confidence and almost only 

for disconfirming verdicts, and we predicted both boundaries rather than fitting them. The model 
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comparison showed that false-feedback detection works by re-consulting stored stimulus 

evidence: when confidence only set how much weight the verdict received, no false-feedback 

detection appeared at matched confidence. Metacognitive efficiency, by contrast, did not affect 

false-feedback detection, but it strongly predicted how coherently feedback was integrated. 

Below we relate these findings to earlier work on decision confidence. 

 

4.1 Confidence as the arbiter between internal and external evidence 

The average behavior in our task reproduces the most robust finding in the advice-taking 

literature: participants took the verdict on board by a fixed, conservative fraction, the egocentric 

discounting reported across decades of judge–advisor studies [1–3]. What the covert-inversion 

design adds is a view of the selective process that operates on top of this default. Because 

inverted verdicts gave us a trial-by-trial ground truth, we could show that people do more than 

merely down-weight a source they distrust on average [14]: they assess individual verdicts, and 

they do so in the currency that formal accounts say confidence provides — an estimate of the 

probability that the choice was correct [11–13,24,25]. Read as such a probability, confidence 

supports a simple inference: a contradiction from a source that errs at rate q̂ is more likely false 

than true whenever confidence exceeds 1 − q̂. Two features of the data follow from this with no 

free parameters. False-feedback detection should begin near 73% confidence, and it should be 

almost absent for agreeing verdicts, because suspecting one would require confidence below 

27% — a value the scale cannot express. That behavior matched both boundaries is, as far as we 

know, the most direct evidence to date that decision confidence is used online, verdict by verdict, 

to weigh internal evidence against an external claim [14]. 
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4.2 A confidence-gated return to the evidence 

How is the false-feedback resistance carried out? The model comparison points away from 

relying on the report-level arithmetic in the confidence rating and toward returning to the 

stimulus evidence itself. A variant in which confidence merely set the weight given to the verdict 

produced no false-feedback detection — any rule mapping C1 and the verdict onto C2 leaves 

nothing at matched C1 that can track the hidden truth — and a variant that re-read the same 

evidence without a fresh sample barely improved on it. False-feedback detection required a 

partially independent re-sample of stimulus information, engaged selectively by conflict. This 

dovetails with accumulating evidence that the information behind a decision remains available 

and continues to be processed after commitment: accumulation continues past the choice, 

producing changes of mind without new input [16,17,26]; these post-decisional revisions have 

identifiable neural mediators [27]; and a second, more deliberate confidence judgment is better 

calibrated than a first [18,19]. Our results suggest one function of this post-decisional machinery: 

an external contradiction can recruit it to audit the contradicting message itself.  

This raises the question of what substrate holds the evidence that is re-read, and the timing of our 

task makes the answer fairly specific. The stimulus was present for only 300 ms, the verdict did 

not arrive until roughly 3 s after its offset, and the second rating was submitted about 7 s after it 

(median across participants) — far beyond the lifetime of iconic sensory memory. Whatever is 

consulted when a verdict conflicts with a confident judgment must therefore be a durable but 

capacity-limited representation, which is to say visual working memory [35]. Contemporary 

accounts make working memory a plausible substrate for exactly the operation our model 

requires. Its contents are not held as an abstract summary but maintained in distributed sensory 

and frontoparietal codes that remain decodable across a delay [36,37], and their fidelity is graded 
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rather than all-or-none: memory strength varies continuously from trial to trial, and each read-out 

of a stored trace is corrupted by noise [38,39]. A second consultation of such a trace yields 

precisely what the model assumes — a sample correlated with, but not identical to, the evidence 

behind the first confidence report (ρ ≈ 0.5 in our simulations) — rather than either a fresh 

independent observation or a redundant copy of what confidence has already expressed. The re-

examination is, on this reading, a second draw from an internally maintained distribution, close 

in spirit to the sampling accounts developed to explain why averaging a person’s own repeated 

estimates improves them [18,40]. The model further requires the observer to appraise what that 

second look returns, judging whether the re-read evidence departs from what its own confidence 

implied, and people demonstrably have such access: introspective judgments predict the 

precision of individual working memory representations [41], and trial-to-trial memory 

uncertainty is carried forward into subsequent decisions in near-optimal fashion [42]. 

Working memory is also the natural arena for the encounter between maintained internal content 

and incoming external information. Gating accounts of prefrontal–striatal function describe this 

trade-off directly: maintained representations must be shielded from interference yet updated 

selectively when a task-relevant event warrants it, with separable input and output gates 

governing what enters the store and what is allowed to drive behavior [43,44]; related work treats 

the removal and replacement of outdated content as an active operation rather than passive decay 

[45]. The confidence-gated check we describe has this character. An arriving verdict does not 

simply overwrite the belief it addresses; a conflict with a confident judgment is the event that 

opens access to the stored evidence, and what that evidence returns then determines how far the 

belief moves. Individual differences point the same way: working memory capacity predicts 
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resistance to misinformation in the continued-influence paradigm [46], suggesting that how 

firmly information is held shapes how far an external claim can rewrite it. 

This reading also yields predictions our design cannot test, since we did not measure working 

memory. A concurrent load imposed between the choice and the verdict should selectively 

reduce false-feedback detection while leaving the average assimilation intact, because the linear 

pool needs only C1 and the verdict, not the trace; lengthening the interval before the verdict 

should erode false-feedback detection as the representation degrades; and individual differences 

in working memory precision should predict the magnitude of false-feedback detection — where 

metacognitive efficiency, as we saw, did not. Confirming that profile would supply converging 

evidence for an evidence-level operation that our model comparison currently supports on 

behavioral grounds alone. 

The gating we observe offers an instructive contrast with confirmation bias. High confidence has 

been shown to amplify the neural processing of choice-consistent evidence and mute 

disconfirming evidence — a confirmation bias that entrenches beliefs against valid opposition 

[28]. In our task the same signal played a protective role: high confidence licensed skepticism 

toward feedback that was, in fact, more likely to be false. The two findings may reflect one 

mechanism operating in different environments — where disconfirming signals are usually valid, 

confidence-gated discounting is a bias; where they are often lies, it is accuracy-preserving 

inference. More broadly, confidence is known to govern whether further information is sought at 

all [15,29] and can act as an internal teaching signal when external feedback is absent [30]; the 

present results add the complementary role of quality controller when external feedback is 

present but of uncertain provenance.  
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4.3 Metacognitive efficiency: computation versus fidelity 

Metacognitive efficiency (M-ratio [7,20]) did not predict false-feedback detection, which at first 

seems paradoxical — false-feedback detection is a metacognitive feat, and the metacognitively 

gifted might be expected to excel at it. The model explains why this null is the expected result. 

As in recent accounts that locate metacognitive inefficiency in noise added at the readout of 

decision evidence [10,31,32], a single noise source both limits how well confidence tracks 

accuracy and scatters the post-feedback report. Because the genuineness inference takes the 

reported confidence at face value, readout noise leaves the average size of false-feedback 

detection intact; what it corrupts is the coherence of the reported revision, occasionally sending it 

against the verdict altogether. Exactly this dissociation appeared: M-ratio was unrelated to false-

feedback detection but correlated −0.40 with the frequency of wrong-way revisions, a 

relationship that controls for confidence level and confidence variability. Individual differences 

in metacognitive efficiency, which vary widely across people and have been linked to brain 

structure [9,21,22], thus acquire a specific functional consequence for feedback integration: they 

determine not whether the confidence-based computation runs, but how faithfully its output 

survives being turned into a report. In applied terms, low metacognitive efficiency should 

manifest less as gullibility toward false feedback than as erratic, direction-inconsistent updating. 

 

4.4 Monitoring reliability without using it 

The grader’s reliability drifted across six hidden segments, yet no analysis found revision 

behavior tracking it: verdict-aligned updating declined only marginally across reliability levels, 

and false-feedback detection was modulated neither by the current block nor by the recently 

experienced inversion rate. Strikingly, this was not ignorance: explicit probe estimates tracked 
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the grader’s current reliability (mean within-subject r = 0.33), so participants monitored the drift 

even as their trial-by-trial weighting ignored it. People demonstrably can learn the reliability of 

information sources in volatile environments when the task centers on that learning [33,34], and 

confidence-based trust formation across repeated encounters is well documented [14]. Our 

results mark a boundary condition: when each trial supplies its own confidence-based check, the 

within-trial computation appears to satisfice, and explicitly monitored knowledge goes unused. 

Incentives likely matter here — given participants’ conservative weights, fully exploiting the 

current reliability would have improved outcomes only marginally, so the invariance may reflect 

rational inattention rather than incapacity.  

 

4.5 Limitations and future directions 

Several limits bound these conclusions. False-feedback detection, though statistically robust, was 

modest in absolute size (about 1.4 points on a 50-point confidence scale) and comes from a 

single perceptual task with one reliability schedule; richer materials, and social rather than 

mechanical sources, are needed to establish generality. False-feedback detection was also 

strongest early in the session and waned thereafter, a decline whose source — fatigue or strategic 

disengagement — we cannot yet identify. Finally, whether people can be moved from 

monitoring reliability to using it — through stronger incentives, or prompts that link their 

explicit estimates to the next verdict — is an open question with practical stakes. 
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Chapter 4. "I Must Have Wanted That": One's Own 

Action as Evidence in Metacognitive Goal Inference 

during Value-Based Decision Making 

 
 

1. Introduction 

 
Metacognition — the capacity to monitor and evaluate one's own cognitive processes [1, 2] — 

has become an increasingly important component of research on value-based decision making. 

Most work has focused on decision confidence: how people evaluate the reliability of their own 

preference-based choices, how such confidence reflects the strength of the underlying value 

evidence, and how it guides subsequent behavior [3–5]. This work has established that value-

based decisions are accompanied not only by first-order computations about what to choose, but 

also by monitoring of those computations. Yet decision confidence concerns only one property 

of a decision — whether it is likely to be correct or reliable — a restriction increasingly noted 

within metacognition research itself [6, 7]. Value-guided behavior contains other latent states 

that an agent may also need to infer about itself. 

One particularly important candidate is the goal of an action itself. Value-based behavior is 

organized around learned values that make some outcomes more desirable than others [8, 9], but 

the goal underlying a particular action is not necessarily transparent even to the person who 

performed it. Intentions may be weak, mixed, or fleeting; actions are corrupted by motor noise; 
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and their consequences can diverge from what was originally intended. Classic evidence 

confirms that this opacity is real rather than hypothetical: people confabulate reasons for 

behavior shaped by factors they cannot report [10], and when choices are covertly swapped, they 

fluently justify decisions they never made [11, 12]. Determining "what was I trying to obtain?" 

therefore requires a judgment about the content of one's own internal state. In this sense, a goal 

report can be understood as a metacognitive judgment just as decision confidence can, differing 

only in what the inference concerns: not a property of a first-order state — its likely accuracy — 

but its content. Such judgments may be especially consequential in value-based behavior, 

because what people believe they wanted can influence subsequent preferences, choices, and 

learning [13–15]. 

Long before contemporary metacognition research took up such questions, social psychology 

had made this problem central. How people come to know what they want was at stake in classic 

studies of attitudes and preferences: whenever researchers asked participants to evaluate options 

after acting on them, they were eliciting inferences about the participants' own motivational 

states [16, 17]. The central discovery of this tradition was that such judgments are shaped by 

behavior itself. Research on cognitive dissonance has repeatedly shown that people alter their 

reported attitudes and preferences to become more consistent with their prior actions [18–20], an 

effect observed even in young children and capuchin monkeys [21]. From early on, this 

phenomenon invited an inferential interpretation. Bem's self-perception theory [22] proposed that 

people infer their own attitudes from their behavior much as an external observer would infer the 

attitudes of another person, and recent accounts have begun to make this reading formal, 

describing post-choice rationalization as belief updating rather than simply motivated distortion 

[23–25]. Yet the computation by which this occurs has remained less clear: behavior is said to 
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produce dissonance, reveal preferences, or motivate rationalization, without a precise 

specification of how different sources of evidence are combined to determine what an individual 

ultimately believes they wanted. One reason is the absence of suitable measurement: classic 

paradigms elicit a single report after a single act, offering no way to control the evidence 

available for inferring one's own goals, nor to quantify and model how that evidence is 

combined. 

The second-order framework of metacognition connects this problem to a literature in which 

such specifications are already routine. Whereas traditional accounts treated metacognitive 

judgments as direct readouts of the first-order processes that generated behavior, second-order 

theories distinguish an "actor" that produces decisions from a "rater" that must infer the actor's 

internal states from imperfect evidence — an inference cast in explicitly Bayesian terms, with 

prior beliefs about the actor's states updated by noisy evidence [6, 26]. On this view, self-

knowledge is not privileged access but an inference problem: the observer holds a model of their 

own cognitive system and combines uncertain evidence to infer what state most likely generated 

the observed behavior — a perspective closely related to accounts of self-knowledge as self-

directed mindreading [22, 25, 27–31]. Crucially, according to the second-order framework, one 

of the sources available to such an inference is the action itself. Confidence judgment changes 

after a response is executed and is influenced by motor and post-decisional signals [32–38], 

while judgments of agency integrate internal action signals with observable outcomes according 

to their reliability [39–42], analogous to reliability-weighted cue combination in perception [43]. 

Applied to goal inference, this framework makes the self-perception idea precise: after acting, an 

individual can treat their own behavior as evidence about the latent goal that produced it, 

integrating that evidence with prior expectations about what they were likely to want. It also 
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yields a sharp prediction: when external evidence about an action's apparent outcome outweighs 

weak internal evidence, the rational conclusion is the dissonance-like one — "apparently that is 

what I did; I must have wanted it." 

Here, we studied this inference in a two-stage reinforcement-learning task in which, on every 

trial, participants acted to steer toward one of two reward-bearing options and then reported 

which option they had wanted. The design independently controlled each source of evidence 

bearing on that report: covert perturbations dissociated the performed action from its apparent 

outcome, the outcome display was available on only a subset of the trials, and reward volatility 

varied the reliability of the value-based prior [44]. Across two experiments, goal reports shifted 

toward the visible outcome of the action, most strongly when the prior was unreliable — exactly 

as reliability-weighted inference predicts. That is, the goal reports behaved as the second-order 

account requires: internal evidence (the value-based prior) and external evidence (the displayed 

outcome of the action) were combined into a single judgment, with the external source weighted 

more heavily exactly when the internal source was less reliable. A hierarchical Bayesian 

observer model reproduced the full pattern of reports with no added machinery, providing a 

formal, trial-level account of how people infer what they wanted from uncertain evidence about 

what they did.   

 

2. Method 
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2.1. Participants  

Participants were recruited online via Prolific and completed the task in a web browser (jsPsych; 

hosted on Pavlovia). All procedures were approved by the Institutional Review Board of the 

University of California, Los Angeles, and all participants gave informed consent. Eligibility 

criteria for both experiments were: age 18–40, normal or corrected-to-normal vision, English as 

first language, current residence in the UK or the USA, a prior Prolific approval rate of 95–

100%, and at least 100 previous submissions. Participants in Experiment 1 (E1) were paid at an 

hourly rate of $12; participants in Experiment 2 (E2) were paid at $18 per hour plus a 

performance bonus of up to $6. Both experiments took approximately 50 minutes to complete. 

Fifty-one participants completed E1 and 45 completed E2. We then applied a set of quality-

control criteria, applied identically to both experiments, designed to remove participants who 

were not engaging with the task or whose data could not support the analyses (the criteria are 

detailed at the end of Section 2.2). Thirty participants (mean age = 35.1 yrs, 12 females) were 

retained in E1 and 26 (mean age = 30.8 yrs, 14 females) in E2.  

 

2.2. Task design 

In the main task, participants repeatedly steered toward one of two pairs of reward-bearing 

images by spinning an arrow on a wheel, reported which pair they had wanted to visit, and then 

chose an image from the pair they reached in order to earn coins. The task was identical in the 

two experiments E1 and E2, which differed only in how the goal report was collected (see Goal 

report below). Three features of the task — a covert perturbation of the arrow, intermittent 
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display of its landing position, and volatility of the reward contingencies — controlled the 

evidence available for this goal report, and are described in detail below. Formally, each of the 

192 main trials proceeded through three stages: an action stage performed on a spin wheel, a 

report of the intended goal, and a reward stage consisting of a choice between two images 

followed by reward feedback (Figure 4-1). 

  

Figure 4-1. Two-stage reinforcement-learning task. First panel: in the action stage, participants spun an arrow 
clockwise around a two-colored wheel by holding and releasing the spacebar; covert noise then perturbed the 
release angle, and the landing position determined the probability of visiting each image category. Second 
panel: after an outcome epoch in which the final arrow position was displayed on two-thirds of trials (top: no-
display trial; bottom: display trial), participants reported which pair of images they wanted to visit. Third 
panel: participants then chose between two images of the visited category (the scenes pair is shown as an 
example). The chosen image yielded a coin or nothing. Across blocks, the better-paying category remained 
fixed (stable blocks) or reversed repeatedly (volatile blocks). 
 
Action stage (Figure 4-1, first panel). Each trial began with a central fixation cross (1,000 ms), 

after which the wheel appeared. The wheel was a circle divided into two colored halves, red and 

blue, whose left/right arrangement was randomized on every trial. Each color was associated 
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with one of the two image categories (bodies or scenes), and the color-to-category mapping was 

counterbalanced across participants. At the start of each trial, an arrow rested at a fixed position 

at the top of the wheel, on the upper boundary between the two halves. Participants pressed and 

held the spacebar to set the arrow spinning clockwise from this position, and released the 

spacebar to stop it; the arrow advanced in proportion to the duration of the hold, at a rate of one 

half-revolution per 500 ms, up to a maximum of one full revolution. Critically, the arrow was not 

visible during the hold period, so participants had to time their release on the basis of internal 

estimates alone, without online visual feedback. Precise control over the landing position was 

therefore challenging: a full revolution took only one second, so small errors in release timing 

translated into large angular displacements. The angle of the arrow at the moment of release 

constituted the action. 

Transition structure. The mapping from the arrow's landing position to the visited image 

category was probabilistic. The probability that the category of the landing side would be visited 

increased linearly from .5 at the top of the wheel to 1.0 at the boundary at the bottom of the 

wheel, diametrically opposite the starting position (hereafter, the boundary). This transition rule 

was conveyed to participants through an explicit instruction phase; in addition, the wheel carried 

a color gradation that deepened toward the boundary, added to make the transition probability 

visually intuitive. Releasing the arrow close to the boundary therefore afforded the greatest 

control over which pair of images would be visited, at the cost of requiring precise timing. 

Covert displacement. Unbeknownst to participants, the registered landing position did not 

coincide with the release position. On every trial, noise drawn from a skew-normal distribution 

(scale 0.5 rad, shape parameter 0.5, with the skew oriented toward the boundary) was added 

covertly to the release angle. A skewed rather than symmetric distribution was used so that the 
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noise would tend to carry the arrow toward, and at times past, the boundary rather than 

dispersing it evenly in both directions. As a result, on approximately one third of trials the noise 

displaced the arrow across the boundary between the two halves, so that it landed on the side 

opposite the release — dissociating the action that was performed from the outcome that the 

action appeared to produce. This rate presupposes that releases are aimed reasonably close to the 

boundary: the noise parameters were selected through simulation under this assumption, and the 

realized displacement rate in the actual data confirmed it (Section 3.1). Participants were never 

informed that such displacements existed, and all instructions treated the landing position as the 

direct result of the participant's own spin. 

Outcome display. The final landing position was displayed on two-thirds of the trials (hereafter, 

display trials; 32 of every 48-trial block, randomly interleaved within blocks): after the release, 

the arrow appeared at its final position and remained visible for 1,500 ms (Figure 4-1, second 

panel, bottom). On the remaining third of trials (no-display trials), the wheel reappeared without 

the arrow for the same duration (Figure 4-1, second panel, top). External evidence about the 

apparent outcome of the action was therefore available only on display trials, whereas on no-

display trials participants could rely only on internal evidence concerning their own release. 

Goal report (Figure 4-1, second panel). After the action stage and the ensuing outcome epoch, 

participants were asked, "Which pair of images do you want to visit?" In E1, they responded by 

clicking one of two buttons labeled with the category names (i.e., scenes or bodies), whose 

positions were randomized on every trial. In E2, they responded on a four-point scale composed 

of the two categories crossed with two strength labels ("Definitely" and "Moderately"), presented 

as four buttons in a single row with the left/right assignment of categories randomized on every 

trial; this format yielded a graded rather than binary goal report. Responses were self-paced. On 
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one-fifth of trials — selected at random and not identifiable to the participant — it was 

guaranteed that the reported category would be visited regardless of where the arrow had landed. 

Participants were informed that such "bonus trials" existed but could not identify them. This 

arrangement made the report consequential on every trial: because any given report could 

determine which pair was visited, answering it engaged a genuine judgment about the currently 

desired goal rather than an inconsequential response. 

Image choice and reward earning (Figure 4-1, third panel). Two images belonging to the visited 

category then appeared side by side, in randomized positions, and participants clicked one of 

them, revealing either a coin or an empty outcome (1,200 ms). The two images within a category 

carried identical reward probabilities, so that earnings depended on reaching the currently better 

category rather than on the choice within a pair: images of the better category were rewarded 

with probability .75, and images of the other category with probability .25. In E2, each coin 

contributed $0.05 toward the performance bonus, up to a maximum of $6; in E1, payment was 

not performance-contingent. 

Reward volatility. The 192 trials were organized into four blocks of 48. In stable blocks, the 

better-paying category remained constant throughout the block; in volatile blocks, the better 

category reversed every 12 trials, producing three reversals per block. This manipulation 

controlled how certain participants could be about their own current goal: under stable 

contingencies, the currently better category — and hence the goal one is likely to hold — is well 

defined, whereas under volatility it is itself uncertain. Stable and volatile blocks alternated, and 

whether the session began with a stable or a volatile block was counterbalanced across 

participants; crossed with the color-to-category mapping, this yielded four between-participant 
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conditions. Block boundaries and block types were never signaled, so any sensitivity to volatility 

had to arise from the participants' own experience of the reward contingencies. 

Training and data-quality criteria. Because the experiment was conducted online without 

experimenter supervision, we took particular care that participants understood the task. Before 

the main trials, they completed a careful, step-by-step instruction sequence with embedded 

practice for every element of the task, followed by multiple-choice comprehension checks with 

corrective feedback; further checks were administered after the main trials. Participants were 

informed that brief pauses were permitted during the main trials, provided that the accumulated 

pause time did not exceed five minutes. 

To the submitted data, we applied strict data-quality criteria to ensure that only attentive, 

comprehending participants entered the analyses. The final samples were determined by five 

criteria, specified identically for the two experiments and applied to all completed sessions: (1) 

failure on any post-task comprehension check (10 in E1; 7 in E2); (2) release of the arrow on the 

same physical side on more than 80% of trials (16 in E1; 14 in E2); (3) goal reports on the same 

button position on more than 80% of trials (1 in E1; 2 in E2); (4) a response-time floor on the 

goal report, defined as a median below 400 ms or more than 10% of reports below 300 ms (0 in 

E1; 0 in E2);; and (5) more than five minutes of accumulated pause time during the main trials (6 

in E1; 5 in E2). Because some participants failed more than one criterion, the per-criterion counts 

sum to more than the total numbers excluded (21 in E1; 19 in E2). 
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2.3. A Bayesian self-inference model 

We modeled the goal report as Bayesian inference over one's own goal, performed by an 

observer whose generative model contains no covert displacements: because participants were 

never informed that displacements existed, the model treats the displayed arrow as an honest, 

nearly noiseless record of the observer's own action. On each trial, the observer combines three 

sources of evidence about the goal — a prior derived from learned values, an internal 

(proprioceptive-like) trace of the release, and, on display trials, the externally displayed landing 

position — and reports the goal with the highest posterior probability, up to response noise. The 

model has nine free parameters, each attached to one component of this computation; we 

describe the components in turn. 

Value learning. The observer tracks the value of each of the four images. Let V(c,i,t) denote the 

value of image i of category c on trial t, initialized at 0.5. After choosing image i of category c 

and observing reward r(t) ∈ {0, 1}, the chosen image's value is updated by a prediction-error rule 

with separate learning rates for rewarded and unrewarded outcomes, 

Vc,i,t+1 = Vc,i,t + αr(rt − Vc,i,t)          (1) 

where α(r) equals α⁺ ("learning rate, win" in Table 4-1) when r(t) = 1 and α⁻ ("learning rate, 

loss") when r(t) = 0. In addition, after unrewarded outcomes only, the values of the three 

unchosen images decay toward their neutral point, 

Vc′,i′,t+1 = Vc′,i′,t + δ(0.5 − Vc′,i′,t)          (2) 
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with decay rate δ ("loss-gated decay"). This loss-gated decay implements a win-stay/lose-shift-

like asymmetry — a well-established strategy in reinforcement learning that is well suited to a 

task in which reward contingencies alternate between stable and volatile regimes. 

Value-based prior. The prior over the goal is derived from the difference between the mean 

values of the two categories, 

ΔVt = ½(V1,1,t + V1,2,t) − ½(V0,1,t + V0,2,t)          (3) 

which is converted into prior log-odds by a saturating readout, 

zt = βΔVt + γΔVt3          (4) 

where β ("prior strength") scales the linear contribution and the negative cubic coefficient γ 

("prior saturation") caps the prior at large value differences, capturing the probability-matching-

like plateau observed in participants' alignment with the better category.  

Internal action evidence. The observer receives a binary internal signal f(t) indicating the side of 

its own release, with a sign-error probability that grows as the release approaches the boundary. 

Let d(t) denote the angular distance between the release position and the boundary; then 

P(ft = mt) = 1 − εp(dt)          (7) 

with 

εp(dt) = ε0 + (0.5 − ε0) exp(−kdt)          (5) 

where ε₀ ("proprioceptive floor") is the residual error for releases far from the boundary and k 

("proprioceptive gradient") governs how quickly reliability collapses as the release approaches it. 

At the boundary itself (d = 0), the internal signal is uninformative (error .5): releases close to the 
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category boundary feel ambiguous, exactly where the covert displacement is most likely to 

change the landing side. 

External action evidence. On display trials, the observer also receives the displayed landing side 

a(t). Because the observer's generative model contains no displacements, the display is treated as 

a nearly veridical record of its own action, 

P(at = mt) = 1 − εa          (8) 

with a small trust parameter ε(a) ("display trust"). It is this assumption — rational for an observer 

who has never been told otherwise — that makes the displayed outcome of a covertly displaced 

action such potent evidence about one's own goal. 

Evidence combination and report. The observer allows for occasional slips between goal and 

executed action: the intended side m(t) matches the goal with probability 1 − s ("motor slip"), 

P(mt = gt) = 1 − s          (6) 

Combining the three sources and marginalizing over the unobserved action yields the posterior 

log-odds of the goal, 

Λt = zt + log Σm P(m | g = 1)P(ft | m)P(at | m) − log Σm P(m | g = 0)P(ft | m)P(at | m)          (9) 

where the arrow term P(a | m) is included only on display trials. In E1, the report is a draw from 

the posterior, 

P(yt = 1) = σ(Λt)          (10) 

with σ denoting the logistic function. For E2's four-point reports, the response stage is replaced 

by an ordered-logistic readout of the same posterior log-odds, with a per-subject strength 

cutpoint c and response bias b defining three category boundaries, 
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P(yt ≤ j) = σ(κj − Λt),   κ = (b − c, b, b + c)          (11) 

so that "Definitely" responses arise when the posterior log-odds exceed the outer cutpoints. The 

primary E2 analyses fit the model to reports collapsed to sides, exactly as in E1, for like-for-like 

comparison of parameters across experiments; the ordered-logistic readout was then used to test 

whether the same posterior log-odds predict trial-level report strength. 

All nine parameters (eleven for the ordered-logistic readout) were estimated hierarchically. Each 

subject-level parameter was obtained by transforming a latent Gaussian variable with population 

mean and standard deviation, using a non-centered parameterization, with range-appropriate 

transforms (e.g., inverse-logistic mappings onto bounded supports). Population means received 

weakly informative Gaussian priors and standard deviations half-Gaussian priors. Posteriors 

were sampled with the No-U-Turn Sampler in Stan [45; four chains, 600 warmup and 500 

sampling iterations, adapt_delta = .95]; all fits converged with no divergent transitions. Goal-

report trials entered the likelihood after response-time trimming (100–5,000 ms, then a per-

subject 4-MAD criterion; 90.7% and 90.6% of trials retained in E1 and E2). Model adequacy 

was assessed by approximate leave-one-out cross-validation [46] and by posterior-predictive 

checks, in which reports simulated from the fitted model were compared with the observed data 

in every design cell. 

 
 

3. Results 
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3.1. Task engagement 

The two experiments differed only minimally in design — E2 replaced E1's binary goal report 

with a graded, four-point report — and, as will become apparent below, the pattern of behavior 

in E2 did not differ qualitatively from that in E1. We therefore report pooled results throughout, 

giving the per-experiment values in parentheses and noting specific differences explicitly only 

where they arise. That two samples of different participants, collected at different times, 

converged on the same pattern is itself a first indication that the experiment ran reliably. Before 

turning to our primary results, we verified that the task functioned as designed and that 

participants engaged with it. 

Participants used the action stage as the transition rule prescribes: arrow releases were 

concentrated toward the boundary, where control over the visited category is greatest, with 

73.3% falling within 1 rad (Figure 4-2A; mean of participants' median distances: 0.66 rad). Both 

sides of the wheel were used (mean majority-side proportion: 59.9%), and the realized rate of 

covert displacement, 31.5% of trials, matched the intended rate of approximately one-third. 

Release positioning was, moreover, calibrated by the displayed outcomes: after display trials on 

which the landing confirmed the release, the next release moved 0.066 rad closer to the boundary 

— the riskier, higher-control region (t(54) = 4.73, p < .001; E1: 0.087; E2: 0.041) — whereas 

this emboldening was absent after displaced displays (0.008 rad; interaction t(54) = 3.82, p < 

.001). In other words, participants calibrated their motor behavior appropriately on the basis of 

the displayed outcomes. Together, these patterns indicate that the action stage elicited genuinely 

goal-directed behavior: participants entered each trial with a category they pursued, aiming and 

adjusting their releases accordingly. 
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Participants also learned the reward contingencies (Figure 4-2B). In stable blocks, releases were 

directed toward the side of the currently better-paying category well above chance (t(55) = 6.95, 

p < .001; E1: 59.8%; E2: 60.7%). In volatile blocks this alignment was reduced (t(55) = 4.14, p < 

.001; E1: 52.9%; E2: 56.2%), and the stable-volatile difference (+5.7 percentage points, t(55) = 

3.59, p < .001; E1: +6.8; E2: +4.5) confirms that the volatility manipulation degraded value-

based steering as intended. Together, these checks establish that participants understood the task, 

pursued reward, and tracked the contingencies — the preconditions for interpreting the goal 

reports, our primary measure of interest, to which we now turn. 

 
 

 
 

 
 

 

Figure 4-2. Task engagement and value-guided action, pooled across experiments (N = 56). (A) Distribution 
of release distances from the boundary over all trials of both experiments. Releases concentrated toward the 
boundary, where control over the visited category is greatest; 73.3% fell within 1 rad (dashed line). (B) 
Proportion of releases directed toward the side of the currently better-paying category (mean of participant 
means; error bars, SEM) in stable and volatile blocks. Steering exceeded chance (dashed line) in both block 
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types and was reduced under volatility, confirming that participants pursued reward and that the volatility 
manipulation degraded value-based steering as intended. 

 

3.2. Goal reports adopt the visible outcome of one's own action 

Participants' goal reports tracked the displayed arrow far beyond what their actions warranted 

(Figure 4-3A). Across both experiments, goal reports matched the arrow's final landing side on 

78.9% of display trials versus 64.9% of no-display trials — a display effect, i.e., an increased 

alignment of the reported goal with the apparent outcome when the action's outcome is observed 

(t(55) = 7.96, p < .001; E1: +17.5, t(29) = 7.37, p < .001; E2: +9.9, t(25) = 4.12, p < .001). The 

critical test comes from displaced trials: trials on which the covert noise carried the arrow across 

the boundary, so that the final landing position lay on the side opposite to the one toward which 

the participant had actually released the arrow (Figure 4-3B). On these trials, the apparent 

outcome of the action conflicted with the action actually performed. When the landing position 

was not displayed, reports went with the action: only 34.9% of reports matched the displaced 

landing side — that is, most participants reported the side of their actual release. When the 

landing position was displayed, this proportion nearly doubled, to 64.8% (+29.9 points, t(54) = 

9.60, p < .001): seeing the displaced arrow led participants to report the side of the apparent 

outcome rather than the side of their actual release. In other words, the visible outcome served as 

external evidence strong enough to override the internal estimate of one's own release: when the 

world's version of the action conflicted with the body's, the majority of reports followed the 

world's — the dissonance-reduction signature, produced trial by trial in a value-based task. 
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Figure 4-3. Goal reports adopt the displayed outcome of the action, pooled across experiments (N = 56). Bars 
show the proportion of goal reports matching the arrow's final landing side (mean of participant means; error 
bars, SEM) on no-display (light) and display (dark) trials; red diamonds show the posterior-predictive means 
of the computational model fitted separately to each experiment. (A) Split by reward volatility. The display 
effect — the increase in outcome-matching when the landing position was displayed — was larger in volatile 
blocks, in which the value-based prior over one's own goal was less reliable. (B) Split by covert displacement. 
On displaced trials, the noise carried the arrow to the side opposite the participant's actual release; displaying 
the landing position roughly doubled the rate at which reports followed the apparent outcome rather than the 
actual release. The pattern was qualitatively identical in the two experiments; per-experiment statistics are 
reported in the text. 
 

3.3. Adoption scales with the uncertainty of internal evidence 

If the goal report is an inference that combines multiple informative cues in proportion to their 

reliability, external evidence should matter most when internal evidence is weak. Volatile blocks 

degrade the value-based prior — the participant's own best internal grounds for knowing what 

they wanted — and, as predicted, the display effect was reliably larger in volatile than in stable 

blocks (Figure 4-3A): interaction +5.3 points, t(55) = 2.64, p = .011 (E1: +5.9, t(29) = 2.22, p = 

.034; E2: +4.6, t(25) = 1.48, p = .15). The interaction was, moreover, composed exactly as the 

account predicts: under volatility, matching fell on no-display trials, where the degraded prior is 
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the only guide (66.8% to 63.2%), and rose on display trials, where the external evidence gains 

weight (78.1% to 79.8%). This interaction is the signature prediction of the second-order account 

of goal inference: if judgments about one's own goals are computed by combining internal and 

external evidence in proportion to their reliability, then degrading the internal evidence must 

increase the weight given to the external evidence. The volatility manipulation did precisely this, 

and the goal reports followed — demonstrating formally, at the level of trial-by-trial behavior, 

that goal reports arise from evidence combination rather than from a privileged readout of one's 

own intentions. 

 

3.4. A Bayesian self-inference model explains the choice pattern 

The nine-parameter Bayesian self-inference model reproduced the full choice pattern in both 

experiments (Figure 4-3, red diamonds): all eight design cells (display x volatility and display x 

push) fell within the posterior-predictive intervals in E1 and in E2 (all cell-level posterior-

predictive p >= .11), including the near-chance following of hidden pushes and the strong 

adoption of displayed ones. Out-of-sample accuracy was substantial in both experiments (per-

trial elpd -0.38 and -0.35 against a chance value of -0.69). The model also reproduced the 

direction of the uncertainty modulation — a larger display effect under volatility — though at 

reduced magnitude, indicating that the rational core captures most, but not all, of the interaction. 

Parameter estimates (Table 4-1) tell a mechanistically specific story. The perceptual and motor 

machinery was numerically indistinguishable across experiments — most notably the 

proprioceptive reliability gradient (k = 2.93 vs. 2.94) — while display trust differed by a factor 

of three (arrow noise 0.034 vs. 0.098), localizing E2's attenuated display effects to a single 
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interpretable parameter: eliciting graded reports made participants weight the external display 

less, leaving the rest of the self-inference intact. We return to this point in the Discussion. 

 

Parameter Interpretation E1 E2 
learning rate (win), α⁺ value update after reward 0.195 0.218 
learning rate (loss), α⁻ value update after no reward 0.162 0.132 
prior strength, β value difference to goal prior 6.85 8.48 
prior saturation, γ nonlinearity of the prior readout -6.62 -1.89 
motor slip, s goal-action slip rate 0.078 0.071 
proprioceptive floor, ε₀ felt-release error, far from midpoint 0.058 0.050 
proprioceptive gradient, k reliability decline toward midpoint 2.93 2.94 
display trust (arrow noise), εₐ distrust of the displayed arrow 0.034 0.098 
loss-gated decay, δ forgetting of unchosen values after loss 0.053 0.155 

Table 4-1. Posterior mean population parameters of the self-inference model in the two experiments. Symbols 
follow Equations 1–8. Perceptual-motor parameters transfer across report formats; display trust does not. 
 

3.5. Graded reports corroborate the inference account (E2) 

E2's graded goal reports, which extended E1's binary format, allowed a direct test of the 

inferential account of goal judgment. The account is committed to a specific internal quantity: on 

every trial, the observer arrives at a posterior probability that a given category was its goal, and 

the report is a readout of this posterior. If participants indeed employ this mechanism, the 

magnitude of the inferred posterior should be visible in their graded reports — trials on which 

the posterior is extreme should attract "definitely" responses, and trials on which it is 

intermediate should attract "moderately." We therefore refit the model to the four-point reports, 

replacing only the response stage with an ordered-logistic readout (Equation 11) and adding no 

strength-specific mechanisms: whether "definitely" or "moderately" is chosen is determined 

entirely by where the same posterior log-odds that drive the choice fall relative to the 

participant's cutpoints. This stripped-down readout reproduced the graded-report data (Figure 4-

4). The behavioral effects were small and did not reach significance in subject-level tests on their 
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own: participants answered "definitely" somewhat more often when the landing position was 

displayed (P("definitely") = .67 vs. .64; t(25) = 1.42, p = .17) and somewhat less often in volatile 

blocks (.63 vs. .69; t(25) = 1.77, p = .09). The model-based test, however, does not rest on these 

aggregate contrasts: fitted to the trial-level reports, the ordered-logistic readout predicted both 

effects quantitatively, including their small size (display: observed +0.034, predicted +0.035, 

posterior-predictive p = .96; volatility: observed -0.064, predicted -0.053, p = .33). The modest 

magnitude of the observed effects is thus not a shortfall of the data relative to the account — it is 

what the account predicts — and both effects fall where the magnitude of the same inferred 

posterior that produces the choices places them. 

 

 

Figure 4-4. Report strength tracks the inferred posterior (Experiment 2, n = 26). Bars show the proportion of 
"definitely" (vs. "moderately") reports (mean of participant means; error bars, SEM); red diamonds show 
posterior-predictive means of the model fitted to the four-point reports with an ordered-logistic readout and no 
strength-specific mechanisms. (A) By outcome display: the proportion of "definitely" reports is higher when 
the landing position is displayed. (B) By reward volatility: it is lower in volatile blocks. Both effects are 
quantitatively reproduced by the magnitude of the same posterior that generates the choices. 
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3.6. Post-conflict slowing of instrumental choice 

The action-based model of cognitive dissonance [47] offers a complementary, process-level 

perspective on these findings. On this account, the function of dissonance processes is to support 

effective action: conflict between action-related cognitions — here, between what one did and 

what one wanted — produces an aversive state that interferes with subsequent goal-directed 

behavior until the conflict is resolved, for example by bringing the goal into line with the action. 

Applied to the present task, the account makes a further prediction beyond the goal reports 

themselves: on trials in which the conflict between the displayed outcome and the performed 

action remains unresolved by bringing the goal report to the displayed outcome, the next goal-

directed act — the image choice — should be slowed. 

Consistent with such a conflict-specific cost, in E1 the second-stage image choice was slowed 

after reports that conflicted with a displayed, displaced arrow (Figure 4-5). On displaced trials, 

choices were 135 ms slower following conflicting reports when the contradiction was visible on 

screen (t(27) = 3.34, p = .003), compared with only 59 ms slower when it was not displayed; 

likewise, participants who resisted the displayed arrow — reporting the side of their actual 

release — were 113 ms slower than those who adopted it (t(21) = 2.01, p = .057). The pattern 

thus pointed consistently in the predicted direction: the slowing was larger whenever the conflict 

was actually visible to the participant. The decisive comparison, however — the difference 

between the slowing on display trials and on no-display trials, which isolates the component that 

depends on perceiving the conflict — did not reach significance (+66 ms, p = .15), and no 

comparable pattern appeared in E2, possibly because the four-option report format softened the 

binary commit-or-resist structure that the action-based account requires. We therefore treat the 
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post-conflict slowing as a preliminary trend motivating a purpose-built test, rather than as an 

established result. 

 
 

 

Figure 4-5. Post-conflict slowing of the second-stage image choice (Experiment 1, n = 30). Bars show the 
increase in image-choice response time following goal reports that conflicted with the apparent outcome, 
relative to reports consistent with it, on displaced trials (mean of participant means; error bars, SEM). The 
slowing was reliable when the landing position was displayed (+135 ms) and smaller when it was not (+59 
ms), but the difference between the two — the component specific to perceiving the conflict — did not reach 
significance (see text). 

 

3.7. Does the goal inference write back into value? 

If the goal report is an inference, a further question arises: once expressed, does the inference 

feed back into the value system? 

A model-based test added a single feedback parameter κ to the self-inference model: after each 

report, the values of the reported category’s images were nudged upward by κ. Fitted alone, κ 
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was strongly positive in both experiments (E1: +0.25, 95% CI [.20, .29]; E2: +0.24 [.18, .29]) 

and improved out-of-sample fit substantially (+104 and +84 elpd over the base model). This 

result, however, proved to be confounded: a control model that replaced value feedback with a 

value-free report habit — an exponential trace of previous reports entering the report stage 

directly, leaving values untouched — matched these gains in both experiments. Report 

perseveration can masquerade as revaluation, because in a report-only likelihood the two 

mechanisms occupy nearly the same niche. When both mechanisms were fitted jointly, κ 

remained credibly positive in E1 (+0.17 [.06, .26]), its predictive advantage concentrated 

precisely where a value-mediated mechanism predicts — on trials immediately following a visit 

to the reported category that was rewarded, the signature of reward-consolidated commitment — 

and a reward-blind two-timescale habit could not reproduce this pattern. In E2, by contrast, the 

same test was inconclusive: κ’s interval included zero ([−.01, .26]), it added no predictive 

advantage over the habit model, and the reward-coupled signature did not reappear. 

The asymmetry between experiments parallels a pattern seen throughout this paper: E2’s graded 

report format attenuated every commitment-related effect — the display effect, display trust 

(Section 3.4), and the post-conflict slowing (Section 3.6). If value write-back is driven by 

committing to a single answer, the binary format of E1 is where it should be strongest, and E2 

constitutes a test at a weaker dose. This account is plausible in light of our format findings, 

which independently show weakened commitment effects under graded reports; but those 

findings concern other measures, and the κ estimates themselves did not differ detectably 

between experiments, so format moderation of the write-back remains an interpretation rather 

than a demonstrated result. 
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4. Discussion 

 
Knowing what one wanted is not as simple as it feels. Across two experiments, we placed the 

goal of an action under experimental control of its evidence: covert displacements dissociated 

what participants did from what they appeared to do, intermittent display controlled whether the 

apparent outcome was observable, and reward volatility varied the reliability of the value-based 

prior. Goal reports behaved exactly as a reliability-weighted inference should. Participants 

adopted the visible outcome of their own action — on displaced trials, displaying the arrow 

nearly doubled the rate at which reports followed the apparent outcome over the actual release — 

and adoption grew when the prior was degraded by volatility. A nine-parameter Bayesian 

observer, which treats the report as a posterior over one's own goal given the learned values, a 

proprioceptive trace of the release, and the displayed outcome, reproduced every design cell in 

both experiments; in E2, the strength of graded reports was read out from the same posterior with 

no additional machinery. Together, the results establish goal inference as a metacognitive 

judgment that can be measured, manipulated, and modeled trial by trial. 

These findings extend metacognition research along the axis that recent commentaries have 

urged [6, 7]: from evaluating the reliability of first-order processes to inferring their content. The 

second-order framework was developed to explain how a "rater" infers the accuracy of an 

"actor's" decision from imperfect evidence, chiefly in the domain of perceptual decision making 

[26]; the present results carry the same insight into value-based decision making, where the 

latent states to be inferred — one's own goals and preferences — are exactly those that the 

classic literatures on attitude and preference change made central. In this regime, the same 
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architecture supports inference about what the actor was trying to do, and it does so 

quantitatively, not merely qualitatively — the interaction between display availability and prior 

reliability is the signature of reliability-weighted cue combination [43], and it appeared in both 

experiments. The extension thus connects two lines of research on self-knowledge that have 

developed largely independently — the psychophysical tradition of metacognition and the classic 

study of how people come to know what they want. The goal-inference account also joins 

judgments of agency, which combine internal action signals with observed outcomes according 

to their reliability [41, 42], and post-decisional revisions of confidence [32, 35] in a common 

inferential family, while targeting a latent state — the goal — that neither of those literatures 

measures. Importantly, the results also give concrete empirical content to accounts of self-

knowledge as self-directed mindreading [22, 27, 31]: our participants treated evidence about 

their own action much as an observer would treat evidence about another person's, to the point 

that when the world's version of the action contradicted the self's, the world usually won. 

For cognitive dissonance, the contribution is a process model of the adjustment itself. The 

signature phenomenon — a reported preference moving into line with prior action — emerged 

trial by trial in a value-based task, was turned on and off by controlling a single evidence source, 

and was captured quantitatively by a normative Bayesian observer containing no motivational 

construct — the adjustment itself required neither an aversive state nor a consistency drive, only 

Bayesian evidence combination by an observer whose generative model does not include the 

experimenter's covert manipulation. This gives formal expression to the classic self-perception 

insight [22] and joins recent treatments of rationalization as belief updating [24, 25], but with a 

trial-level likelihood in place of a redescription. Importantly, this inferential reading does not 

reject the original dissonance claim that discomfort arises from unresolved conflict; it suggests, 
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rather, that the inference may be what generates the discomfort. If the goal is a belief maintained 

by evidence, then a conflict between what one did and what one wanted is a violated inference 

— and violated or unresolved inference appears to be aversive in its own right: inconsistencies 

and expectancy violations elicit a common aversive arousal that motivates compensation [48], 

and dissonance reduction has been recast as the minimization of prediction error in predictive-

processing terms [49]. Neurally, dissonance engages prefrontal conflict circuitry — in particular 

the dorsal anterior cingulate cortex, a region centrally implicated in detecting and resolving 

conflict that is experienced as aversive [50] — and dissonance-related activity there predicts 

subsequent attitude change [23, 51]. On this view, the inferential and the motivational accounts 

of dissonance — often pitted against each other — describe two faces of a single mechanism: the 

inference specifies what the conflict is and how it is resolved, while the discomfort signals that it 

is not yet resolved. The mechanism's simplicity speaks to the phylogenetic and developmental 

breadth of dissonance-like effects [21]: reliability-weighted cue combination requires no 

sophisticated introspective apparatus, which is precisely what one expects of a computation 

shared with young children and nonhuman primates. Beyond these theoretical considerations, the 

current task design also sidesteps the selection-artifact critique of classic free-choice paradigms 

[52]: here the conflict between action and apparent outcome is created by the experimenter, not 

selected by the participant's own noisy preferences, so the observed adjustment cannot be an 

artifact of conditioning on the choice.  

The one parameter that failed to transfer between experiments carries its own lesson. When the 

report format changed from binary to graded, the entire perceptual-motor machinery of the 

inference was numerically unchanged — most strikingly the proprioceptive reliability gradient 

(2.93 vs. 2.94) — while trust in the displayed outcome fell by a factor of three. How one is asked 
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evidently changes how the evidence is weighed: a graded scale offers a way to register partial 

conviction, and participants took it, discounting the external cue rather than committing to it. 

This is measurement reactivity of a specific and interpretable kind. Methodologically, it warns 

that self-report formats are not neutral windows onto self-inference; studies eliciting reports in 

different formats may disagree about the potency of external evidence while measuring the same 

underlying computation, and a model with interpretable parameters can localize such differences 

to a single locus, as it did here. Theoretically, the direction of the shift is suggestive: a binary 

report forces full commitment to one answer, and committing to the externally supported answer 

may itself be part of what gives external evidence its grip. Suggestive precedents exist: eliciting 

metacognitive judgments is known to feed back on the first-order process it measures [53, 54], 

and inducing deliberate introspection can shift preference-based decisions away from immediate 

commitments [55]. The present results locate such reactivity in a single interpretable parameter 

of the inference — a point of contact with the action-based perspective considered next. 

The inferential account describes how the goal moves; the action-based model of cognitive 

dissonance [47] proposes why it should move at all: conflict between what one did and what one 

wanted is costly for subsequent goal-directed action, and dissonance reduction functions to clear 

that cost. This proposal is seminal: it remains the most developed answer to why dissonance 

reduction should exist at all, and its clear elucidation would deepen our understanding of the 

whole family of dissonance-like phenomena. Yet it has rarely been put to rigorous test. Direct 

tests of the model have largely relied on neural and embodiment markers of approach motivation 

following commitment [56, 57] — evidence consistent with the account but not isolating its 

distinctive behavioral prediction, a cost of unresolved conflict in subsequent goal-directed action, 

on a trial-by-trial basis. The inferential and the action-based accounts are complementary — 
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reliability-weighted inference is a computational description of exactly the adjustment whose 

function the action-based model specifies — and the action-based model adds one prediction that 

pure inference does not make: a residual behavioral cost on trials where the conflict is left 

unresolved. We observed a trend with precisely this profile. Image choices slowed after goal 

reports that resisted a visibly conflicting outcome, and the slowing was larger when the conflict 

was actually on screen than when it was hidden, although the decisive difference between those 

two conditions did not reach significance and no counterpart appeared in E2, whose four-option 

format dilutes the binary commit-or-resist structure the account requires. It is at least suggestive 

that the same format change that softened commitment also lowered display trust: both effects 

are consistent with a single underlying variable — the pressure to commit to one version of the 

action — modulating both the weighting of evidence and the cost of resisting it. A purpose-built 

test, with a committing report format and adequate power in the conflicted cells, is required 

before the slowing can be treated as established; convergent neural evidence that dissonance 

engages conflict-related circuitry [23] makes the prediction worth that investment. 

Several limitations bound these conclusions. The experiments were conducted online; the strict 

quality controls and the replication of every qualitative pattern across two independently 

collected samples mitigate, but do not remove, the case for laboratory confirmation. The 

uncertainty modulation, though reproduced in direction by the model, exceeded its rational 

magnitude by roughly a factor of two in both experiments, implying an amplification of external 

evidence under uncertainty that static reliability weighting does not capture. Most fundamentally, 

the model's internal-evidence channel rests on a latent variable: the participant's actual motor 

intention on each trial is never observed but inferred jointly with everything else, so the claim 
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that reports override a definite internal estimate — rather than fill in an absent one — is 

supported only indirectly, through the model comparison. 

A future experiment might address this central limitation by bringing the task into the laboratory 

and using eye tracking to obtain a trial-level, report-independent measure of motor intention. 

Because the wheel is visible during the hold while the arrow is not, the region a participant 

monitors while timing the release could provide an indication of the location toward which the 

action is being steered, measured before the covert displacement and before any outcome 

appears. Such a measure could make the intended side, currently marginalized in the posterior 

(Equation 9), directly observable and thereby sharpen estimation of the internal-evidence channel 

and downstream model parameters. It could also allow conflict to be defined by intention rather 

than by release, making it possible to test whether adoption of the displayed outcome and 

subsequent slowing are specifically associated with trials in which the participant had clearly 

intended the opposite side. Finally, pre-release gaze dynamics could help clarify the amplified 

display effect under uncertainty: if this effect reflects competition between candidate goals 

within a trial, such competition might be expressed as gaze alternation between the two target 

regions. Thus, laboratory studies incorporating independent measures of motor intention could 

help resolve two questions left open by the present experiments: the source of the amplified 

uncertainty interaction and the status of the dissonance-related behavioral trend. 

People speak as though their goals were transparently known to them. The present results 

indicate that, in value-guided action under uncertainty, knowing what one wanted is instead an 

inference — assembled from learned values, a fallible sense of one's own movement, and 

whatever the world displays about the action — and that this inference obeys the same 

reliability-weighting norms as inference about the external world. Seen through this 
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metacognitive lens, a question with a classic history — how people come to know what they 

want — becomes continuous with the question of how they know anything else: by inference 

from evidence, weighted by reliability, and now observable one trial at a time. 
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Chapter 5. General Discussion 

 

 

This dissertation began from a simple requirement of adaptive cognition: internal representations 

must persist enough to guide behavior yet remain flexible enough to be revised, and the balance 

between the two is struck not in a single pass but through an iterative exchange between what the 

mind currently holds and what the environment provides. The three studies examined this 

exchange in three settings, at different timescales and levels of cognition. In perception, 

intracranial recordings showed that a briefly presented input is not read against a recently formed 

memory at a stroke: information about the correspondence between the internal representation 

and the current input emerged early, persisted over the better part of a second, and repeatedly 

informed the developing perceptual decision (Chapter 2). In decision evaluation, revision of 

confidence in response to feedback went beyond any single-pass weighting: feedback that 

conflicted with a confident judgment prompted a renewed consultation of the evidence behind 

the original choice, which allowed participants to partly resist feedback that was in fact false 

(Chapter 3). And in value-guided action, the exchange reached the representations that direct 

behavior: what participants observed of their own action’s outcome was incorporated into their 

reported goal, the more strongly the weaker their value-based expectations had become (Chapter 

4). 

Across these very different paradigms, one observation recurs: revision was not overwriting. In 

none of the studies did external evidence simply replace the internal state it addressed. In 

Chapter 2, the incoming stimulus did not displace the memory of the episode; the two were held 



125 

in relation over time, and the relation itself carried information for the decision. In Chapter 3, a 

contradicting verdict did not directly move the confidence report by a fixed amount; it reopened 

access to stored evidence, and what that evidence returned determined how far the belief moved 

— a conclusion forced by the finding that no rule operating on the report alone could reproduce 

the behavior. In Chapter 4, the observed outcome entered a graded inference alongside internal 

signals, shifting the goal report in proportion to the balance of reliabilities rather than capturing it 

outright. In each case, the internal term retained standing in its own revision: the past was 

consulted, not merely corrected. This is what the iterative framing of Chapter 1 predicts, and it is 

the point on which the three studies, for all their differences, agree. 

A second recurring observation is that the exchange is regulated, and regulated by signals that 

track reliability. In Chapter 2, the strength of the ongoing memory–input correspondence 

modulated how emerging perceptual information was translated into decision-relevant evidence 

— a signal that drew relatively heavily on frontoparietal regions, consistent with prefrontal and 

parietal cortex tracking the reliability of the evidence on which the decision was being built. In 

Chapter 3 the regulation was explicit and quantifiable: confidence determined whether the 

additional cycle of re-examination ran at all, and the threshold at which resistance appeared 

corresponded to the level at which a contradiction became more likely false than true given the 

feedback’s error rate. In Chapter 4 the regulation appeared as reliability-weighting of the sources 

themselves: external evidence gained influence precisely when the internal prior had been 

weakened by volatility. At the same time, the studies counsel against picturing this regulation as 

finely tuned. In Chapter 3, participants’ explicit estimates tracked the feedback source’s drifting 

reliability, yet their trial-by-trial revisions barely used that knowledge; in Chapter 4, the shift 

toward external evidence under volatility exceeded what the fitted rational model prescribed. The 
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signals that govern the loop appear coarse and conservative — sufficient to protect the balance of 

persistence and flexibility in broad strokes, but far from the moment-to-moment optimality an 

ideal analysis would demand. 

These are offered as themes, not as a demonstration of a single mechanism. The studies differ in 

domain, method, and level of analysis — electrophysiological characterization of perception, 

behavioral experimentation with a generative model of feedback integration, hierarchical 

Bayesian modeling of self-inference — and nothing in this dissertation shows that the iterations 

they describe are implemented by one process. Much remains particular to each: the network-

level description of Chapter 2 has no counterpart in the other studies; the confidence-gated 

mechanism of Chapter 3 was identified behaviorally, without neural evidence; the central 

internal variable of Chapter 4, the motor intention, was inferred rather than measured. Whether 

the fast loop of perception, the post-decisional loop of confidence revision, and the slower loop 

of goal and value revision are nested instances of a common computation, or merely a family of 

resemblances, is a question this dissertation raises rather than settles. 

That question does, however, suggest concrete work. The most direct next steps target the loops’ 

hidden variables: an eye-tracking version of the goal-inference task, in preparation, converts the 

unobserved intention into a measurable quantity, allowing conflict between action and outcome 

to be defined independently of the report. A natural neural extension asks whether the re-

examination inferred in Chapter 3 engages machinery of the kind observed in Chapter 2 — 

whether post-feedback revision recruits, in time-resolved recordings, a renewed comparison 

against maintained evidence; the confidence ratings already collected in the paradigm of Chapter 

2 offer a first point of contact. Manipulation-based tests are equally available: if the resistance to 
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false feedback depends on consulting a stored trace, then loading memory between choice and 

feedback, or lengthening that interval, should selectively weaken it while leaving average 

feedback assimilation intact. And at the computational level, the three paradigms could in 

principle be addressed by models sharing an iterative core with task-specific components — an 

exercise whose value would lie as much in where such a model fails to generalize as in where it 

succeeds. 

The dissertation’s conclusion is correspondingly modest. In three settings spanning a glimpse, a 

judgment, and a goal, internal representations and external evidence met not once but repeatedly; 

revision proceeded by returning to what was held rather than by discarding it; and signals 

reflecting the reliability of each side helped decide how every round of the exchange was settled. 

Persistence and flexibility, on this evidence, are not competing dispositions between which a 

mind must choose, but the joint product of an iterative process that metacognition helps steer — 

a process by which a cognitive system, in an environment that does not stand still, decides what 

to keep believing by consulting both the world and itself, as many times as the question requires. 

 
 
 
 
 




