Subjective emotion judgements adhere to principles of Bayesian
inference and efficient representation

Jade R Serfaty! and Quentin JM Huys!

" Applied Computational Psychiatry Lab, Max Planck UCL Centre for Computational
Psychiatry and Ageing Research, Queen Square Institute of Neurology and Mental Health
Neuroscience Department, Division of Psychiatry, University College London, London, UK.

Contributing authors: jade.serfaty.17@ucl.ac.uk; q.huys@Qucl.ac.uk;

Abstract

Emotion judgements are central to wellbeing and mental health, yet the fundamental principles determining
how they arise remain poorly characterised. A key challenge is that repeated emotion ratings show substantial
variability, typically treated as noise. Here we propose that emotion judgements, like perceptual judgements,
arise from probabilistic inference under representational constraints. Using behavioural and computational
approaches, we show that this variability is structured and meaningful. Emotion judgements are biased
toward prior expectations when evidence is weak, consistent with Bayesian inference, and representational
precision scales with the frequency of experienced intensities, consistent with efficient coding. Confidence
decreases as uncertainty increases, indicating partial awareness of this uncertainty. A single model combining
efficient encoding with Bayesian decoding captures these behavioural signatures. Notably, these signatures
were largely preserved across variation in anxiety symptoms. These findings link emotion self-report to the
principles of perceptual inference, providing a computational account of how uncertainty structures emotion
judgements.
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Summary

Emotion judgements are central to everyday social life, basic research and mental health, yet the mechanisms
by which people judge and report their own emotional states remain poorly understood. A key challenge is
that repeated emotion ratings show robust variability, typically dismissed as noise, although this variability
may instead reflect uncertainty in an underlying inferential process. Constructed and appraisal theories of
emotion imply a role for such uncertainty, but this has not been formally tested in emotion judgements [1, 2]. In
sensory perception, uncertainty is captured by Bayesian inference and efficient coding [3, 4]. Here we show that
these same principles apply to emotion judgements. Across five independent samples, including a pre-registered
replication, repeated emotion ratings predicted downstream behaviour, reported intensities were drawn toward
prior expectations when evidence was weak, and discriminability was enhanced for more frequently experienced
intensities. Confidence further tracked this uncertainty, and a single computational model combining efficient
encoding with Bayesian decoding captured the resulting variability, bias and discriminability. These findings
suggest that emotion judgements obey the same core principles that govern perceptual inference, and provide
a formal framework for analysing emotional inference in health and disease.
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1 Introduction

Emotion judgements shape many aspects of society, in uencing how we interact with others and make deci-
sions, and their objective measurement plays a core role in the diagnosis and treatment of mental illness. Yet,
the fundamental cognitive processes that govern emotion judgements remain poorly understood [5{15]. A cen-
tral challenge lies in the con ict between the assumption that emotion judgements provide direct access to a
“true' internal emotion intensity and the empirical reality that repeated ratings in emotion measurements show
substantial variability [16]. When we ask someone how they feel, we typically assume their answer re ects that
internal truth, and treat their report as authoritative - if | say | feel happy right now, what grounds do you
have to disagree? Yet such variability reveals that emotion judgements are far less stable than this assumption
implies.

This tension is re ected in prominent emotion theories, which o er contrasting views on the nature of emotion
and emotion judgements. Basic-emotion accounts treat emotions as discrete and innate, with stable signatures
across contexts, leaving little room for graded variation [17, 18]. Other accounts emphasise the integration of
multiple sources of information, though they di er in how this process is formalised. Appraisal theories view
emotions as evaluations of goal relevance, implying context-dependent integration [2]. Constructed accounts
emphasise context-sensitive categorisation from core a ect and conceptual knowledge [1, 9]. Componential
models foreground coordination across appraisal, physiological, action and feeling components [19], and neural
perspectives emphasise distributed population codes integrating interoceptive and exteroceptive signals [12].

Despite their di erences, these perspectives converge on an inferential view: emotion judgements arise from
integrating multiple, noisy sources of information, such that variability may re ect uncertainty in this inferential
process rather than mere measurement noise.

We build on this idea by proposing that emotion judgements constitute a form of perceptual inference. As
in perception, the true intensity of an emotion elicited by a stimulus is not directly accessible; the brain must
infer it from noisy internal signals, yielding estimates that vary with context and task demands. This inference
depends on how prior knowledge is weighted against incoming sensory evidence and how representational pre-
cision is allocated. In sensory domains, these computations are well captured by Bayesian and e cient coding
principles, providing a potential framework for understanding variability in emotion judgements. E cient cod-
ing formalises how limited neural resources are allocated in proportion to the statistics of encountered values in
the environment [3, 20{22]. These principles have also been extended beyond sensory perception to subjective
value-based decision-making [4].

If emotion judgements are indeed perceptual in this sense, they should exhibit the same computational
signatures observed in other perceptual domains. This framework raises several questions about how emotion
judgements operate, which we tested across multiple emotions. First, is the variability observed in emotion
judgements meaningful rather than noise, and does it predict downstream behaviour? Second, do emotion
judgements follow Bayesian inference, such that estimates are drawn toward prior expectations when evidence is
weak? Third, is representational precision allocated according to e cient coding principles, with higher precision
near frequently experienced intensities? Finally, does con dence re ect reliability, decreasing when repeated
ratings are more variable?

We then asked whether a single computational model combining e cient encoding with Bayesian decod-
ing could jointly account for these patterns. These hypotheses were tested in three independent samples and
evaluated for robustness in a larger, pre-registered replication. In the replication, we additionally conducted
exploratory analyses examining how the mechanisms proposed in our model of emotion judgements relate to
symptoms of anxiety, given the central role of emotion judgements in psychopathology and its diagnosis. Finally,
we ran a fth study in a group of participants reporting anxiety symptoms to test these hypotheses with greater
power.

2 Results

2.1 Variability in emotion judgements shapes choices

Emotion judgements are known to vary across observations. However, what remains unclear is whether this
variability is mere measurement noise added after the underlying 'true' emotion has been identi ed and judged,
or whether it re ects a more meaningful feature of the internal processes or representations that generate
the emotion judgement itself. If the variability were only noise, its associated uncertainty would be irrelevant
when combining or comparing judgements. If, instead, the variability arises within the generative process,
the uncertainty should propagate to any behaviour that relies on these judgements, as is routinely observed



Fig. 1 Variability in Emotion Judgements Predicts Choice Behaviour. a. Video Viewing. Participants (Study 1, N = 57) viewed
142 brief video clips selected to elicit joy, romance, anxiety, disgust or sadness, in a random order, while performing an unrelated
attention task. b. Snapshot Rating. On each trial, participants were shown a target emotion (e.g. \Joy") and then a snapshot
clearly identifying one of the videos viewed previously. They then had 0.9s or 2.6s introspection time followed by 4s to enter the
rating of the target emotion on a continuous scale. The snapshot rating phase was repeated a second time without prior warning,
resulting in two ratings for each snapshot, one with 0.9s, the other with 2.6s introspection time. c. Emotion Discrimination.
After rating all snapshots twice, participants chose which of two clips would be most helpful to induce a target emotional state in
themselves. They were presented with two shapshots of the videos they previously rated, and were asked to choose the one that would
best set them in the mood for the target emotion. Every fourth choice, they also reported their con dence. d. Rating variability.
Snapshot ratings between the two phases per participant and emotion varied at all levels of intensity. Medium average ratings
elicited more variable ratings than snapshots with high or low average ratings. e. Choices. The left snapshot was chosen more
frequently when it had higher relative average rating on the target emotion. f. Choice consistency and rating di erence. Choice
consistency increased with increasing di erence between the mean ratings of the snapshots. g. Choice consistency and rating
variability. Choice consistency decreased with increasing variability of snapshot ratings. h. Predicting choice at trial level.
Logistic regression coe cients predicting choice consistency from summed ratings (the sum of both options' mean emotion intensity
ratings), summed variability (the sum of both options' standard deviations of emotion intensity ratings), and rating di erence (the
absolute di erence between the options' mean emotion intensity ratings). i. E ects of adding rating variability to predict

choice. Adding summed variability to predict choice consistency improves model t ( 2) for every emotion category. Bars re ect
the improvement in model t from nested model comparisons.  j. Predicting choice at participant level. Mixed-e ects logistic
regression slopes (e ect of rating di erence on choice consistency) plotted against rating variability per participant-emotion pair.

The higher the participant's overall rating variability for an emotion, the weaker their sensitivity to rating di erences for that
emotion. Throughout, boxplot centre lines show medians; boxes show 25th{75th percentiles; whiskers extend 1.5 O the IQR; outliers
shown as points. Asterisks indicate statistical signi cance (*** p < 0:001). Where shown, blue indicates empirical data and red
indicates results from analyses repeated on data generated by the e cient coding model t to Study 1 rating and choice data.

with perceptual phenomena, within domains such as vision, audition, and proprioception [23{25], and when
integrating information across modalities such as vision and proprioception [26, 27]. To test which account holds,
we rst quanti ed the variability in participants' emotion judgements and then asked whether that variability
carried functional consequences.

Participants in Study 1 (N=57) watched validated emotional video clips eliciting joy (n=30 videos), romance
(n=27 videos), anxiety (n=30 videos), disgust (n=28 videos) and sadness (n=27 videos; Fig. 1a). They then rated
one snapshot from each clip on a continuous scale, judging how strongly the video from which the snapshot was
taken elicited a speci c target emotion (Fig. 1b). After providing one rating for all snapshots, participants were
asked, without prior warning, to provide a second rating for each snapshot. Participant-level rating distributions
revealed substantial heterogeneity across individuals for all emotions (Supplementary Figs. S1-S5). As expected,
emotion-intensity ratings di ered across the two rating phases, with greater variability at medium than at
extreme intensities (Fig. 1d).
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172 To test whether this variability had functional importance, we next asked participants to use their judgements
173 of emotional intensity to make a choice. If the variability observed in Fig. 1d arose purely from a process
174 downstream of the evaluation itself, it should not have a ected how those intensity judgements were used in
175 subsequent choices, because the true judged intensity would have been internally known. Choices would then
176 have been independent of rating variability. By contrast, if rating variability re ected a meaningful internal
177 process or representation, it should also have in uenced choices in a manner consistent with that uncertainty. We
178 therefore asked participants to imagine themselves as actors having to put themselves into a speci ¢ emotional
179 state. On each trial, they were presented with two previously rated snapshots and asked to choose which video
180 would better help them achieve that emotional state if they viewed it again (Fig. 1c). The assumption was that
181 participants should choose the snapshot judged as eliciting a stronger intensity of the target emotion, because
182 it should be more e ective. Choices followed a sigmoidal function of the mean rating di erence between the two
183 options (Fig. 1e). Moreover, choices were less consistent when the two options had more similar mean ratings
184 (mixed-e ects logistic regression;:OR = 2:54, 95% CI [230; 2:81], p < 0:001, Fig. 1f).

185 Consistent with perceptual decision-making accounts, choices were also faster when evidence was stronger, a
186 pattern classically observed in perceptual judgements, where stronger stimulus evidence leads to faster and more
187 accurate decisions [28{30]. Across all ve emotion categories, consistent choices were associated with shorter
188 log reaction times than inconsistent choices (linear mixed-e ects models with random intercepts for participant:
189 anxiety, = 0:020, 95% CI [ 0:039 0:002], p = 0:032; disgust, = 0:044, 95% CI [ 0:064 0:024],
190 p< 0:001;joy, = 0:039,95% CI[ 0:058 0:020],p < 0:001; romance, = 0:034,95% CI[ 0:054 0:014],
191 p=0:001; sadness, = 0:031, 95% CI[ 0:050 0:011],p = 0:002; Supplementary Fig. S6a), and log reaction
192 times decreased as the di erence in mean ratings between the two options increased (anxiety,= 0:029, 95%
193 CI[ 0:046 0:012],p=0:001; disgust, = 0:041, 95% CI [ 0:058 0:023],p < 0:001;joy, = 0:044, 95%
194 CI[ 0:062 0:027],p < 0:001; romance, = 0:050, 95% CI[ 0:069 0:030],p < 0:001; sadness, = 0:036,
195 95% CI[ 0:051 0:020],p < 0:001; Supplementary Fig. S6b).

196 If uncertainty were an integral part of the process giving rise to emotion judgements, it should also be
197 re ected in less deterministic preferences between snapshots. Indeed, choice consistency decreased as the summed
198 variability of the two choice options increased (mixed-e ects logistic regressionOR = 0:77, 95% CI [Q73;0:82],
199 p < 0:001, Fig. 1g). Furthermore, this e ect should be visible within each emotion category and should be
200 additional to, and opposite from, the impact of mean rating di erences. For each of the ve emotion categories
201 tested, choices were most strongly predicted by the di erence in average ratings between the two video snapshots
202 (separate logistic regressions per emotion: joy, = 0:874 0:078; sadness, = 0:911 0:.08; anxiety, =
203 0:794 0.08; disgust, = 0:758 0:.07; romance, = 0:893 0:09; all p < 0:001; Fig. 1h), with larger
204 rating di erences leading to more consistent choices. However, including the summed variability of the two
205 snapshots signi cantly improved prediction beyond rating di erence alone in every emotion category (joy:
206 2 =31:00; sadness: 2 = 14:98; anxiety: 2 = 37:02; disgust: 2 = 30:92; romance: 2 = 44:79; all
207 df =1 and p < 0:001; Fig. 1i). Examining the regression coe cients showed that, in every emotion category,
208 greater variability reduced choice consistency (joy: = 0:307 0:05; sadness: = 0:233 0:06; anxiety:
209 = 0:318 0:05;disgust: = 0:281 0:05;romance: = 0:422 0:06; allp < 0:001; Fig. 1h). By contrast,
210 the sum of mean intensity ratings across the two snapshots had no signi cant e ect (Fig. 1h).

211 Finally, if variability re ects uncertainty in the underlying judgement process, then individuals with higher

212 overall variability for a given emotion should also show reduced sensitivity to rating di erences along that
213 emotion. Consistent with this prediction, average rating variability negatively predicted the random slope of
214 rating di erence on choice consistency per emotion in a mixed-e ects logistic regression model fopust =
215 2747 2:98,p < 0.001; Fig. 1j).

216 These results replicated in an independent sample (N=120), in which the design was identical but limited
217 to anxiety (Supplementary Fig. S10a). Replication analyses conrmed all key ndings: variability peaked at
218 intermediate intensities, mean rating di erences predicted choices ( = 0:85 0:04, p < 0:001), variability
219 reduced choice consistency (= 0:33 0:04, p < 0:001) beyond rating dierences (2 = 80:66, df = 1,
220 p < 0:001), and participants with higher overall variability showed weaker sensitivity to rating di erences
221 ( = 3273 8:21,p < 0:001; Supplementary Fig. S10b-h).

222 Thus, variability in emotional intensity ratings, both within and across participants, had functional con-
223 sequences for decisions about emotion. These ndings suggest that uncertainty does not arise downstream of
224 emotion judgements as mere measurement noise, but instead re ects a meaningful property of the internal
225 processes and representations that generate them.
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2.2 Emotion judgements behave in keeping with Bayesian Inference

Uncertainty in emotion judgements therefore appears to re ect a meaningful property of the internal processes
that generate them, rather than mere measurement noise. A natural next question is whether this uncertainty
is managed according to the same computational principles that govern perceptual inference. As in perception,
participants do not directly know the \true" emotion intensity elicited by a video clip and must infer it from
noisy internal representations. In sensory domains such as vision, audition and proprioception, uncertainty is
classically formalised within a Bayesian framework, in which prior expectations are integrated with noisy evi-
dence in proportion to their relative uncertainty. If emotion judgements rely on similar inferential processes,
they should show the same hallmark signature: when sensory evidence is weak (i.e., noisier internal represen-
tations), judgements should be drawn toward prior expectations, whereas when evidence is strong, sensory
evidence dominates, reducing prior-driven bias (Fig. 2a).

Experimentally, real-world priors are unknown a priori . However, within an experimental session, partic-
ipants can acquire expectations that re ect the distribution of experienced stimuli [31, 32]. In our task, the
initial viewing phase shaped participants' expectations about the range of emotion intensities, from which we
estimated individual priors using ratings across phases 1 and 2.

Because the video sets in Studies 1 and 2 were uniformly distributed in intensity (30 clips per emotion),
they produced near- at priors. At the participant level, rating distributions were relatively broad and weakly
structured (Supplementary Figs. S1{S5), and when aggregated across participants this yielded only weak prior-
driven bias (Supplementary Figs. S8 and S9). In Study 3, we induced a non-uniform prior by running the task
in emotion blocks (anxiety then joy; N=80 clips each) and over-sampling moderate intensities (Fig. 2b).

Following the framework introduced by Polana and colleagues [4], shorter stimulus exposures were expected
to yield noisier internal representations, because participants had less time to construct an estimate of the
emotion elicited by the stimulus. This should increase reliance on prior expectations. Each snapshot was therefore
rated twice: once after a short exposure and once after a long exposure (order counterbalanced across the
rating phases). Long-exposure ratings ., ) served as the lower-noise reference, whereas short-exposure ratings
(& ., ) reected a higher-noise internal representation. We quanti ed prior-driven bias as the deviation of
short-exposure ratings from long-exposure ratings for the same video:

(é high eO) (é low eO) =é high e low

If emotion judgements re ect structured Bayesian inference, short-exposure ratings should be pulled toward
the prior peak, and this pull should be strongest for stimuli whose long-exposure ratings lie far from that peak.

Aggregated short- and long-exposure rating distributions (z-scored per participant with their mode so that
the prior peak aligns atx = 0) illustrate the learned prior for each emotion (Fig. 2c,d, left panels). The short{long
di erence (Fig. 2c,d, right panels) reveals a clear attraction toward the prior peak for both anxiety and joy when
ratings were far from the peak (linear regression of bias on long-exposure ratings; left of prior peak: anxiety,

= 0:24,95% CI[ 0:28 0:19],p < 0:001; joy, = 0:24,95% CI[ 0:30; 0:18], p < 0:001; right of peak:
anxiety, = 0:08, 95% CI[ 0:11; 0:04], p < 0:001; joy, = 0:16, 95% CI[ 0:19; 0:14], p < 0:001). We
observed the same pattern in the replication sample (left of prior peak: = 0:15, 95% CI [ 0:17; 0:13],
p < 0:001; right of peak: = 0:14, 95% CI [ 0:16; 0:11], p < 0:001; Supplementary Fig. S11b). Greater
uncertainty ampli ed prior-driven bias, drawing ratings closer to the prior's peak.

A further Bayesian prediction is that stronger priors should exert greater pull on uncertain judgements.
Accordingly, participants with narrower priors showed steeper attraction slopes, for both anxiety (linear regres-
sion across participants: = 0:32, p < 0:001; Fig. 2e) and joy ( = 0:32, p=0:004; Fig. 2f). We observed the
same pattern in the replication sample ( = 0:46, p < 0:001; Supplementary Fig. S11c).

As a control analysis, we asked whether prior attraction was modulated by the amount of information avail-
able in the snapshot itself. We reasoned that when a snapshot clearly identi ed the original video clip, emotion
judgements should rely more on the available sensory evidence from the snapshot and less on prior expecta-
tions, while snapshots without clear information would rely more on memory. Consistent with this account,
informative snapshots from video clips eliciting anxiety showed a weaker attraction e ect than less informative
shapshots, re ected in a signi cant interaction between long-exposure rating and snapshot informativeness in
a mixed-e ects model ( = 0:039, 95% CI [0006,; 0:073], p = 0:022) and this e ect was replicated in the repli-
cation study ( =0:024, 95% CI [0004; 0:045], p = 0:021). Thus, Bayesian attraction was attenuated when the
snapshot itself provided more evidence about the underlying video clip.

Together, these ndings indicate that uncertainty in emotion judgements shapes behaviour in a manner
consistent with Bayesian inference, revealing that emotion self-assessments incorporate prior expectations much
like perceptual estimates do.
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Fig. 2 Emotion Judgements Behave in Keeping with Bayesian Inference. a. Bayesian inference illustration. The posterior
estimate (solid grey) results from combining a prior (black dashed line) and a likelihood (solid red). Top: when the prior is strong

and the likelihood weak, the posterior is pulled toward the prior, demonstrating attraction. Bottom: when the likelihood is strong

and the prior weak, the posterior remains closer to the observed evidence. b. Task structure. Study 3 (N=47) was run in two
emotion blocks, anxiety and joy. In each block, participants rst viewed videos and then completed two snapshot rating phases.
Across the two rating phases, each snapshot was shown for a short (0.9s) and a long (2.6s) exposure time, followed by an emotion
rating and, every four trials, a con dence rating.  ¢,d. Prior distributions and Bayesian attraction. Left panels: aggregated
rating distributions across the two rating phases for anxiety ( ¢) and joy ( d), z-scored per participant so that the participant-speci c
mode, used as the prior peak, is aligned at x = 0. Right panels: bias in emotion intensity judgements quanti ed as short{long rating

di erence (the \pull" toward the prior) plotted against the participant's z-scored long-exposure rating (the less-noisy measure), with

each participant's mode aligned at x=0, for anxiety (N=41) and joy (N=42). The vertical dashed line marks the prior peak and the
horizontal dashed line marks no di erence between short- and long-duration ratings. Boxplots re ect the distribution of short{long

di erences binned by x-axis ratings (hinges = 25th/75th percentiles; whiskers = + 1.5 IQR; dots = outliers). Blue lines link the
mean bias per bin (+s.e.m.). Overlaid piecewise linear ts ( +95% CI) demonstrate that short-exposure ratings are pulled closer
to the participant's prior peak when stimuli are far from that peak (orange). e,f. Bayesian attraction and prior width. OoLS
slopes from regressions of bias on long-duration ratings are plotted against participants' prior standard deviation for anxiety ( e)
and joy ( f). Each point represents one participant. Participants with wider priors showed less negative attraction slopes, indicating
weaker pull toward the prior peak. Asterisks indicate statistical signi cance (** p < 0:01, ** p < 0:001).



2.3 Emotion judgements behave in keeping with E cient Coding

If emotion judgements re ect perceptual inference, they should not only integrate priors and evidence in a
Bayesian manner but also allocate representational precision e ciently across possible intensities. E cient
coding theory proposes that neural systems devote more precision to values encountered most often. Applied to
emotions, this predicts that intensities near the peak of a person's prior are represented with greater precision,
shaping both bias in ratings and discrimination in choices.

These assumptions lead to clear behavioural predictions. Greater precision near the prior peak narrows and
skews the likelihood function, creating longer tails away from the peak (Fig. 3a). This asymmetry yields a
repulsive bias: ratings for stimuli just above or below the peak are pushed outward (Fig. 3b; see [3] for details).
Discrimination performance should also be highest near the prior peak, where encoding precision is greatest
(Fig. 3c,d), and repulsion should strengthen when internal noise increases (e.g., short exposures).

To quantify how encoding precision varied across the intensity range, we extended the Bayesian framework
with an e cient coding model linking each video's underlying "true" emotion intensity ( &) to an internal noisy
neural response (encoding) and its inferred estimateé(r) (decoding) (Fig. 3a). Encoding precision was modelled
as a function of each participant's prior about the emotion intensity p(e). With multiple ratings per stimulus, the
model inferred the most likely underlying intensity under e cient coding assumptions. Simulations reproduced
the predicted repulsive bias near the prior peak, ampli ed under higher internal noise (short exposure duration;
Fig. 3e,f).

Fig. 3  E cient Coding Framework and Behavioural Predictions. a. Schematic of e cient encoding and Bayesian decoding

of emotion judgements for joy. A video with true (unobservable) emotion intensity  ejoy e€licits an internal, noisy neural response
r, shaped by the observer's prior p( ejoy ). Encoding is assumed to maximize mutual information between p(  gjoy ) and r, yielding
higher encoding precision near the prior peak, and asymmetric likelihoods p(r jejoy ). Bayesian decoding combines likelihood and
prior to generate an estimated emotion judgement &(r), which is then reported behaviourally. b. E cient coding predicts a
repulsive bias near the prior peak. Near the prior peak, an asymmetric likelihood (red) can push estimates away from the
peak (repulsion), partially countering the prior's attractive pull (black). ¢,d. Emotion Discriminability and Prior. Emotion
discriminability (grey) is predicted to be greater where the prior (black) has higher density, whether that is at lower ( c) or higher
(d) intensities. e. Simulated bias expressed as the di erence between short and long exposure ratings. Attraction at
the prior tails re ects predicted Bayesian inference e ects. The inset plot zooms into the prior peak region, highlighting predicted

e cient coding e ects: repulsion near the prior peak. f. Simulated bias expressed as the dierence between estimated

and true emotion intensity. The bias is shown for long (black) and short (blue) exposure durations. The inset plot provides a
zoomed-in view around the prior peak, illustrating increased repulsion due to higher internal noise in the short exposure condition.

We tested these predictions empirically in Study 3. Bias was de ned as the short-long rating di erence in
mode-aligned ratings. For both anxiety and joy, bias showed the predicted repulsive pattern near the prior peak
(linear regression of bias near the peak: anxiety, = 0:55, 95% CI [012;0:98] p = 0:013; joy, =1:06, 95% CI
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[0:44; 1:68], p < 0:001; Fig. 4a,b). This repulsive pattern is a more speci ¢ signature of non-uniform encoding
precision near the prior peak, rather than of prior bias alone.

If e cient coding confers greater representational precision near the prior peak, it should also improve
discriminability between nearby video clips. This e ect should be most apparent for di cult choices, that is,
trials in which the two options have similar mean emotion ratings. We therefore restricted the analysis in the
emotion discrimination task to small rating-di erence trials and asked whether choices were more consistent
when the choice-pair midpoint lay near rather than far from the prior peak. Consistent with e cient coding,
stimuli closer to the prior peak yielded higher choice consistency than those farther away (Mann-Whitney
U = 5325030, p < 0:001; Fig. 4c), and within-subject analyses con rmed this e ect (paired t-test: t = 2:06,
o =51, p=0:04, Cohen'sd = 0:29). The same relationship was observed when distance from the prior peak
was treated continuously and choice di culty, that is, rating di erence, was controlled for: choice consistency
decreased as the choice-pair midpoint moved farther from the prior peak (logistic mixed-e ects model with
random intercepts and random slopes for prior distance by participant; OR = 0.86, 95% CI [081; 0:92],p < 0:001;
Fig. S12). As expected, choices were also more consistent when the rating di erence between options was larger
(OR = 2.30, 95% CI for OR [2:15;2:47], p < 0:001).

We observed the same pattern in the replication sample: repulsive bias near the prior peak again replicated
( =0:67, 95% CI [Q17;1:17], p = 0:009; Supplementary Fig. S13a), and within-subject choice consistency
was higher for stimuli closer to the prior peak (pairedt-test: t = 2:30, & = 27, p = 0:03, Cohen'sd = 0:44;
Supplementary Fig. S13b).

Together, these results indicate that prior expectations shape not only bias, but also the precision of emotion
judgement representations, consistent with e cient coding principles observed in sensory systems.

Fig. 4 Emotion Judgements Exhibit Systematic Biases Consistent with E cient Coding. a,b. Bias in emotion intensity
judgements close to the prior peak. Rating di erences between short- and long-duration judgements are plotted against z-
scored long-duration ratings, with each participant's mode aligned at zero, for anxiety (Study 3, N=41; a) and joy (Study 3, N=42;
b). Green lines show linear ts 95% CI within the region close to the prior peak, highlighting a repulsive bias consistent with

e cient coding. Red dashed lines indicate zero bias and the participant-speci ¢ prior peak. c. Choice consistency near and far
from the prior peak. Choice consistency is shown for trials with small rating di erences far from the prior peak, small rating

di erences near the prior peak, and large rating di erences (Study 1, N=57). Grey lines link within-subject means; bars show group
means 95% CI. Participants were more consistent for small-di erence choices made near the prior peak than far from it (Mann-
Whitney p < 0:001; paired t-test p = 0:02).

2.4 Awareness of uncertainty in emotion judgements

Our results thus far indicate that variability in emotion judgements arises from principled encoding and decoding
processes, similarly to sensory perception. We next asked whether participants have insight into the reliability of
their own emotion judgements, speci cally whether con dence tracks uncertainty in our paradigm. If con dence
tracks internal uncertainty, it should decrease when repeated ratings of the same snapshot are more variable.
In choices, con dence should increase with evidence strength, that is, rating di erence, but decrease with the
summed variability of the two options.



To test whether participants tracked their own uncertainty, we collected con dence ratings for emotion
intensity judgements in Study 3 (Fig. 2a). Rating variability was negatively associated with con dence after

controlling for emotion ratings (mixed-e ects model: =-0.14, 95% CI[ 0:21; 0:08],p < 0:001; Fig. 5a). This
pattern was replicated in the independent sample ( =-0.30, 95% CI [ 0:36; 0:25], p < 0:001, Supplementary
Fig. S14a).

We next examined con dence in the emotion discrimination phase of Study 1 (Fig. 1¢). Con dence increased
with rating dierence (= 0.32, 95% CI [(:26;0:38], p < 0:001) and decreased more weakly with summed
variability (= -0.07, 95% CI [ 0:13; 0:01], p = 0:03; mixed-e ects; Fig. 5b). Although the e ect of rating
di erence on con dence was replicated ( = 0.32,95% CI [0:27;0:37], p < 0:001), the e ect of summed variability
was not (Supplementary Fig. S14b).

These ndings show that con dence was sensitive to uncertainty in emotion judgements. Con dence in
ratings decreased with rating variability, whereas con dence in choices was most strongly related to rating
di erence, with a weaker and non-replicating e ect of summed variability.

Fig. 5 Awareness of Uncertainty in Emotion Judgements. a. Con dence in emotion intensity ratings and rating vari-

ability. Con dence ratings (blue; left axis) and rating reliability, quanti ed as 1 rating variability (purple; right axis), are plotted
against binned emotion intensity ratings per participant (Study 3, N=47). For con dence, boxplots show the distribution across
bins, overlaid with individual observations, and solid lines indicate the mean in each bin. For rating reliability, boxplots show the
distribution across bins, outliers are shown individually in light purple, and solid lines indicate the mean in each bin. In all box-
plots, the lower and upper hinges correspond to the 25th and 75th percentiles, and whiskers extend to 1.5 IQR. b. Predicting
con dence in choices. Fixed-e ect coe cients from a linear mixed-e ects regression predicting con dence in choices in the emo-
tion discrimination task from rating di erence and summed rating variability. A random intercept was included for each participant

and emotion (Study 1, N=57). Error bars indicate the standard error of the estimate. *** p < 0:001; *p < 0:05.

2.5 Mathematical Model of E cient Representation of Emotion Judgements

Having established that emotion judgements exhibit both Bayesian attraction and e cient-coding signatures,
we next asked whether these e ects could arise from a single underlying computational mechanism. Speci cally,
we tested whether a uni ed model representing uncertainty explicitly in both encoding and decoding could
quantitatively reproduce the observed behavioural patterns.

The model builds on the framework introduced above (see Methods 3.9). Each video clip has a latent true
emotion intensity (&), which is encoded through a monotonic transformationF (€) derived from the participant-
speci ¢ prior p(e), then perturbed by internal noise ( i ). The decoded estimateé = F 1(r) is then perturbed
by late external noise ( e ). Intuitively, F(e) captures how representational capacity is distributed e ciently,
allocating greater precision to commonly experienced emotion intensities. The inverse transformatioR * imple-
ments Bayesian decoding, reintroducing prior expectations and pulling uncertain estimates toward the prior
peak. Prior mean and variance were set per participant and emotion from their empirical ratings, and inference
combined these priors with noisy internal signals.

Fitted separately for each participant and emotion, the model reproduced rating variability across partici-
pants and emotions in Study 1 (Pearson's r=0.77, RMSE = 0.025, MAE = 0.019; Fig. 1d). Using the posterior
emotion-intensity estimates in a choice rule, with the inputs xed from the rating-model ts and only the inter-
nal noise ( 2,) and external noise ( 2,,) treated as free parameters, the model accurately predicted participants'
trial-by-trial choices (average negative log-likelihood per trial = 0.61, AUROC = 0.78; Fig. 1e), their overall
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