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In this valuable study, de Vries and colleagues aim to determine how the perception of
biological motion is organized at the neural level, specifically testing whether this process
rests on hierarchical predictive processing by extending a methodological framework that
the authors previously published. The evidence is solid for the empirical claim that neural
representations of body motion systematically lead the stimulus in time, with simulations
validating the regression approach and consistent effects on both peak magnitude and
peak latency. Support for the stronger theoretical interpretation that these signatures
specifically reflect active hierarchical predictive inference requires further substantiation,
since the design and analysis do not distinguish such inference from cached associative
retrieval or from nonlinear temporal integration of slowly varying features.

https://doi.org/10.7554/eLife.111118.1.sa3

Abstract

Biological motion perception is an essential skill that allows us to quickly infer how others move.
While this is often cast as inherently predictive process, it remains unclear to what extent
different priors shape neural processing of biological motion. We investigated this by comparing
the dynamic representational geometry of human magnetoencephalography (MEG) activity and
observed biological motion stimuli by means of dynamic representational similarity analysis
(dRSA). Under normal viewing conditions, neural representations were indeed predictive and
followed an inverse hierarchy: high-level viewpoint-invariant body motion representations were
visible before representations of viewpoint-dependent body motion and low-level visual features.
Disrupting holistic priors by turning videos upside down selectively reduced high-level
predictions. Instead, disrupting kinematics priors by temporal piecewise scrambling eliminated all
motion prediction, with neural activity merely reacting to, rather than predicting, visual input.
These findings reveal how low- and high-level priors jointly shape predictive neural processing of
observed bhiological motion.

Impact statement

Disrupting holistic priors selectively interferes with neural prediction of observed biological
motion

Introduction

Biological motion perception is an essential skill for adaptive behavior such as social interaction
(1, 2), as it provides important social cues. This ability relies on our internal model of other agents

the most probable external states and state changes, which in turn helps us infer the most
probable causes of noisy and ambiguous sensory input. They include holistic priors of configural
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relations among joints or body parts, global body structure, body form templates, and
biomechanical and gravity constraints (e.g., an upright body is more probable than an up-down
inverted one, certain joint correlations occur more often (7-14)), and kinematics priors about
biological motion continuity (e.g., smooth motion continuation is more probable, slower motions
are more probable (15-17)). Importantly, for behavior to be adaptive and timely, our brain needs
to continuously predict sensory input such as biological motion (18-26). While there is evidence
that the prediction of simple sensory input relies on a combination of our priors and current
sensory input (27-29), it remains unclear whether biological motion prediction relies on our
holistic and kinematics priors of other agents and how they move, or whether general purpose
motion prediction mechanisms such as extrapolation are sufficient. Based on the former
hypothesis, we would expect our priors to activate predictive neural representations of observed
biological motion. However, most empirical evidence for neural prediction comes from artificial
paradigms that use simple isolated (often static) stimuli (30-32), and that only capture a single
snapshot or the consequence of prediction rather than the continuous predictions themselves (33,
34). They evidence that the brain can predict but preclude testing to what extent complex
naturalistic input such as biological motion is predictively represented, whether such neural
prediction relies on our priors, and how violations of these priors alter our brain’s

representations.

We recently developed a novel dynamic extension to representational similarity analysis (dRSA)
that quantifies exactly what features our brain represents when while viewing continuous and rich
naturalistic input such as movies (35). Traditional RSA captures the similarity between neural
representations and static stimulus models to infer whether the stimulus feature captured by the
model is represented in the brain (36, 37). Dynamic RSA extends this to temporally variable models
to capture the representational dynamics of unfolding events along a feature dimension of
interest. In short, it quantifies the strength of the match between continuous representations in
the brain and continuous features of naturalistic input, across several hierarchical processing
levels concurrently. Besides strength of representation, it also quantifies at millisecond-precision
latency how neural representations temporally relate to (follow or precede) events of interest.
Using this framework, we previously found an inverted temporal hierarchy of predictive neural
representations of future movements during biological motion perception, such that high-level
movement features were predicted before lower-level movement features (35). While these results

remains unclear to what extent these hierarchical predictive representations rely on high-level
priors about bodies and how they move, or rather on general motion extrapolation mechanisms.

Here we apply dRSA in the context of complex continuous human biological motion sequences
(i.e., ballet dancing videos) to test if and how neural prediction relies on our priors. Specifically, we
disrupted holistic priors of body form and structure, and action structures, as well as gravity
priors, by showing the videos up-down inverted. This creates a perceptual experience that is very
different from our typical experience of biological motion, and is thereby an effective way to
impede biological motion perception and its associated neural processing, i.e., the so-called

(9, 10) recognition, inversion in biological motion is thought to specifically impair holistic
processing (11), while leaving low-level visual dynamics intact. By disrupting holistic priors we
tested a crucial tenet of predictive processing theories that prediction of naturalistic hierarchical
input such as biological motion relies on a hierarchy of priors (20, 23, 25). If instead biological
motion prediction relies on general purpose motion extrapolation (e.g., as in (44-47)), movie
inversion should not affect neural predictions. We hypothesized that inversion specifically
attenuates high-level predictions and tested to what extent this attenuation trickles down to lower
levels of the hierarchy. Additionally, in a separate manipulation we disrupted kinematics priors of
smooth biological motion continuity by temporal piecewise scrambling the videos, which should
attenuate prediction across all levels. In other words, attenuation of the predictive representation
reveals which priors are actually used for biological motion prediction. These manipulations also
allowed us to test an assumption of one specific prediction theory, namely predictive coding, that
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reducing the predictability of input should result in the representation of more unpredicted
information or prediction errors reflecting the actual sensory input (21), and which here should be
reflected in increased fidelity of post-stimulus representations.

Results

Experimental design and behavior

To test the effect of holistic and kinematics priors on predictive neural representations of
naturalistic continuous biological motion, we applied dRSA (35, 48) to MEG data of 40 healthy

human participants who observed ballet dancing sequences under three different viewing
conditions (Fig. 1a(?). That is, participants observed the biological motion sequences presented

Participants attended the sequences well, as indicated by high performance on occasional catch
trials in which the sequence was unexpectedly occluded, after which the participant had to
accuracy nor in reaction time was there a significant difference between conditions, indicating
that participants paid attention to the biological motion sequence comparably well across the
three viewing conditions (Fig. 1d &3, right; see Supplementary Text for statistical analysis).

quantify the strength of the match between continuous representations in the brain and
continuous feature models of the observed biological motion, across several hierarchical
processing levels at the same time. The biological motion videos were modeled at various levels of
abstraction across the visual processing hierarchy, from low- level visual features (i.e., pixelwise
luminance and motion) to mid- and higher-level, perceptually more invariant features (i.e., 3-
dimensional view-dependent and view-invariant body posture and motion), in order to capture a
comprehensive characterization of the sequences. dRSA quantifies both the strength of
representation and at millisecond-precision how representations temporally relate to (follow or
precede) actual events, as reflected in the peak magnitude and peak latency in dRSA latency plots,
respectively (Fig. 22 and 42). In case of pure feedforward processing, one expects a lag between
the model and the best-matching neural representation (i.e., due to information transfer from
retina to V1), as reflected in a peak to the right of the vertical zero-lag midline. Prediction should
reduce or even invert (i.e., left of midline) this lag, in which case neural representation predicts
the future model state.

Biological motion is hierarchically predicted across levels of
processing

First, we replicated our previous findings in the normal viewing condition (35) and found that the
motion of the ballet dancer was predicted at three distinct times that reflected the order in the
visual processing hierarchy, such that high-level view-invariant body motion was predicted
furthest in advance at ~500 msec preceding the actual input, while view-dependent body motion
and low-level pixelwise motion were predicted at ~170 and ~150 msec, respectively (Fig. 2a >
and Table S13; see Fig. S1 @ for all models). We ran a [3x4] ANOVA on retrieved jackknifed peak
latencies with factors model (pixelwise motion, view dependent and view invariant body motion)
and ROI, with the first 4 ROIs (i.e., V1, V2, V3/V4, and LOTC) that showed a significant dRSA effect
in at least one of the 3 models. Most importantly, we replicate the previous findings, i.e., a
significant main effect of model on the latency of the three predictive peaks (F(1.8,69.5) = 57.98, p <

0.001, w? = 0.496, BF = 1.375*1013).

Movie inversion attenuates high-level predictions while enhancing
mid-level predictions

To test our hypothesis that disrupting holistic priors attenuates biological motion prediction of
specifically high-level (view-invariant) body motion, we compared the motion models between the
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Figure 1. Experimental design and behavior.

(A) A run consisted of 108 trials alternated by a fixation cross (2 + 0.2 sec, uniformly distributed). A trial consisted of one of 14
unique 5-sec ballet dancing sequences, such that each unique sequence was shown at least 7 times per run. (B) Participants
observed the ballet sequences in 3 different viewing conditions (33% of trials per condition); normal, up-down inverted, and
piecewise temporally scrambled, with pieces uniformly distributed between 200 - 500 msec. (C) Top: To ensure attention to
the ballet sequence, in 16 trials per run the video was occluded by a black screen for 400 msec, after which the video
continued either correctly, or with an incorrect sequence. Participants (dis)confirmed by button press the correct
continuation of the video. Bottom: To encourage fixation, on 8 trials per run the fixation cross changed color for 200 msec at
a random time between 0.4 and 4.8 seconds after onset, and participants pressed a button upon detection. (D) Behavioral
results. Percentage correct and trial-averaged RT on catch trials in top and bottom panels, respectively. RT on the fixation
task is counted from color change onset, while RT on the occlusion task is counted from occlusion offset. Dots represent

single-participant data (n = 40 healthy human participants). Bars represent the group mean. ITI inter-trial interval. * p < 0.05,
**
p <0.01.
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Figure 2. Dynamic RSA results for motion models.

Region of interest (ROI)-based analysis, with normalized dRSA regression weights illustrated as latency plots. The three
viewing conditions are displayed in rows with normal on top (A), inverted in the middle (B), and temporally scrambled at the
bottom (C). Different stimulus models are displayed in columns with pixelwise motion reflecting optical flow vector direction
in each pixel, and body motion reflecting 3D motion of 13 kinematic markers placed on the dancer. Lines and shaded areas
indicate participant-average and SEM, respectively, with n =40 in (A) and (B), and n = 37 in (C). Light-to-dark colors indicate
posterior-to-anterior ROIs. Horizontal bars indicate beta weights significantly larger than zero (one-sided t-test with p < 0.001
for each time sample), corrected for multiple comparisons across time using cluster-based permutation testing (p < 0.05 for
cluster-size), with colors matching the respective ROI line plot. (D) Individual-participant (n = 40) peak magnitude in normal
versus inverted condition, with peak magnitudes averaged over the first 4 ROIs for pixelwise and view-dependent body
motion, and the first 3 ROIs for view-invariant body motion. A dot in the upper left or lower right triangle indicates a larger
peak magnitude in the inverted or normal condition, respectively. The red dot reflects the participant average. (E) Same as
(D) but for normal versus scrambled condition (n = 37). ** p <0.01, *** p < 0.001.
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observed a significant reduction in the predictive representation of view-invariant body motion
specifically. For statistical comparison we averaged dRSA magnitudes in a 100 msec window
surrounding a priori selected predictive peaks based on our previous study (i.e., 110 msec, 180
msec, and 510 msec, for pixelwise motion, view-dependent, and view-invariant body motion,
respectively (35)), and performed a repeated measures ANOVA for each model, with [2 conditions
by 4 ROIs] for pixelwise motion and view-dependent body motion, and [2 conditions by 3 ROIs] for
view-invariant body motion, i.e., taking only ROIs where at least one condition showed a
magnitudes). Most importantly, and in line with our hypothesis, prediction at the highest level of
view-invariant body motion was reduced in the inverted compared to normal viewing condition
dependent body motion showed the opposite pattern and was stronger for inverted compared to
normal (F(1,39) = 8.65, p = 0.005, w?= 0.054, BF = 7.955). Last, there was anecdotal evidence for no
condition difference for pixelwise motion (F(1,39) = 0.41, p = 0.526, w? < 0.001, BF = 0.349),
indicating that low-level motion prediction is minimally, if at all, affected by holistic priors. These
effects together suggest that for naturalistic but up-down inverted biological motion, participants
still make predictions of (body) motion but rely on the level at which it is possible for them to
make predictions (i.e., view-dependent). In other words, disrupting holistic priors specifically
attenuates the highest-level predictive representations, while channeling prediction to lower
processing levels. Interestingly, this change in neural strategy seems effective, given that both
accuracy and reaction time on the occlusion task, which arguably requires prediction, were only
numerically lower for inverted than normal (Fig. 1d @), with anecdotal-to-moderate evidence for
no condition difference.

To test whether up-down inversion also affected the latency of predictive representations, we used
bootstrapping to compare the peak latencies (see Methods) between the normal and inverted
conditions, with the hypothesis of earlier prediction (more negative latency) for normal compared
to inverted movies. Specifically, we tested whether the one-tailed 95% confidence interval of the
bootstrapped distribution of normal minus inverted peak latencies was lower than zero. Before
bootstrapping, we first averaged the dRSA curves over the same ROIs as before that showed
significant effects, since peak latency estimation does not make sense for noisy, non-significant
and flat curves. In line with the peak magnitudes, we found that only view-invariant body motion
was predicted significantly earlier in the normal compared to inverted condition (-448 vs -352
msec, one-tailed 95% CI: -6 msec), while this was not the case for view-dependent body motion
(-165 vs -177 msec, one-tailed 95% CI: 81 msec), nor for pixelwise motion (-217 vs -191 msec, one-
tailed 95% CI: 27 msec). Additionally, we computed the centroid latency (i.e., center of mass of the
dRSA curve; see Methods), which considers latency differences in representational weight that are
not captured by the peak (e.g., for non-symmetrical curves) and is less sensitive to noise than peak
latency estimates. Importantly, we qualitatively replicated the results for the centroid latency (see
Supplementary Text). Taken together, the latency effects are in line with the magnitude effects,
which together show that only view-invariant body motion prediction was affected by inversion.

Besides testing for a representational latency difference between the normal and inverted movies,
we could also test whether the neural representational geometry generalized between the
conditions, and test whether this shared representation is aligned in time. In order to test this, we
ran dRSA directly between the normal and inverted conditions, i.e., by computing the similarity
between the neural RDMs of normal and inverted movies across time (Fig. 3a(%). This analysis
captures both the strength of the match between neural representations (peak magnitude), and
the latency at which representations matched most strongly, with a peak to the left of the vertical
zero-lag midline indicating that the matching neural representation appears earlier in the normal
compared to inverted condition. Note that this approach is exactly the same as our main dRSA
analysis, except that the model RDM is replaced by the neural RDM of another condition (compare
Fig. 3a® and Fig. S3(@). Given that conditions are similar at certain (i.e., orientation-invariant)
levels, they should activate similar neural representations for those levels. Additionally, given the
earlier neural representation of view-invariant body motion for normal compared to inverted, we
hypothesized the shared representation to be earlier in normal compared to inverted biological
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motion, which would result in a negative peak latency. We used bootstrapping to compare the
peak latency against zero in the 100 msec window surrounding zero. Specifically, we tested
whether the one-tailed 95% confidence interval of the bootstrapped distribution of peak latencies
was lower than zero. Peak latency was increasingly earlier for more anterior areas (Fig. 3b (2,
right panel) with significantly negative latencies at LOTC (-8 msec, one-tailed 95% CI: -1 msec) and
V3/V4 (-2 msec, one-tailed 95% CI: -2 msec), but not at V1 (0 msec, one-tailed 95% CI: 12 msec) or
V2 (2 msec, one-tailed 95% CI: 9 msec). Since shared variance between the neural RDMs might be
partially driven by low-level visual features that are not predicted, we reran the same analysis but
used partial correlation as similarity measure to partial out pixelwise luminance and pixelwise

motion magnitude, two low-level visual models that showed strong lagged representations (Fig.

latencies at LOTC (-10 msec, one-tailed 95% CI: -1 msec) and V3/V4 (-2 msec, one-tailed 95% CI: -1
msec), but not at V1 (0 msec, one-tailed 95% CI: 8 msec) or V2 (2 msec, one-tailed 95% CI: 7 msec).
Importantly, this analysis confirms that neural representations of biological motion sequences at
least partly generalize between viewing conditions, and in higher visual areas (V3/4 and LOTC) this
shared representation is delayed for the inverted relative to the normal condition. It therefore
corroborates the main dRSA results, which suggest that this delay is driven by weaker and later
prediction of specifically high-level view-invariant body motion. While this latency difference (up
to 10 msec) might seem small compared to the latency difference for view-invariant body motion
in the main analysis, this is likely due to the neural-by-neural RDM analysis capturing all shared
representation between viewing conditions, including at lower levels at which there are likely no
latency differences.

Temporal scrambling shifts representations from predictive to
reactive

We hypothesized that if we disrupt kinematics priors by temporal scrambling, all predictive
motion representations would be strongly attenuated, which is indeed what we observed (Fig.

participant, condition, ROI and model for statistical comparison using a [2 conditions by 4 ROIs by
3 models] repeated measures ANOVA (see Fig. 2e @ for individual-participant peak magnitudes).
We used peak magnitudes instead of average magnitudes in a 100 msec window as for the normal
vs inverted comparison, since the normal condition models have broader temporal
autocorrelations compared to the scrambled condition (Fig. S2 %), thus inflating averages.
Confirming our hypothesis, magnitudes were indeed significantly attenuated for the predictive
motion peaks in the scrambled compared to normal condition (i.e., main effect of condition;
F(1,36) = 57.27, p < 0.001, w?= 0.397, BF = 1.97x105). There was also a minor effect of ROI (F(2,72.2)
=4.98, p =0.009, w?= 0.028, BF = 0.633), but moderate evidence for no main effect of model

(F(1.5,53.6) = 1.40, p = 0.253, w? = 0.007, BF = 0.235) and no interactions (p > 0.101, BF < 0.256).

We next tested a key assumption of predictive coding theory, namely that less predictable input
should lead to more bottom-up representation of the input. Specifically, we hypothesized that
disrupting kinematics priors by temporal scrambling results in an increase in post-event (lagged)
representations of static features such as body posture, which is indeed what we observed (Fig.

posture models we did not have very reliable a priori peak latencies since these representations
were weak in our previous study(35). We therefore estimated peak latencies based on the grand-
average dRSA latency plots (averaged over participants, normal and scrambled conditions, and the
first four ROIs), and extracted peak magnitudes at that latency for each participant, condition, ROI
and model for statistical comparison using a [2 conditions by 4 ROIs by 2 models] repeated

measures ANOVA (see Fig. 4c @ for individual-participant peak magnitudes). Confirming our
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Figure 3. dRSA between neural RDMs of normal and inverted movie conditions.

(A) Similarity between the neural RDMs of the normal and inverted movie was computed for each normal-by-inverted time
point (top), resulting in a normal-time-by-inverted-time dRSA matrix (middle). Last, the 2D dRSA matrix was averaged along
the diagonals to create a lag-plot (i.e., lag between normal and inverted RDMs; bottom), in which a peak to the left or right of
the vertical zero-lag midline indicates that the neural representation of either normal or inverted is leading, respectively.
Similarity between neural RDMs was computed as correlation (B), or partial correlation (C), where two low-level visual models
with lagged representations were partialed out to account for a large part of shared variance between neural RDMs being
explained by low-level visual features (i.e., pixelwise luminance and pixelwise motion magnitude; see Methods). In (B) and
(C): The first column reflects the average over the first 4 ROIs. Lines and shaded areas indicate participant-average (n = 40)
and SEM, respectively. The horizontal black bars indicate correlation coefficients significantly larger than zero (one-sided t-
test with p < 0.001 for each time sample), corrected for multiple comparisons across time using cluster-based permutation
testing (p < 0.05 for cluster-size). The second column reflects the participant-average per ROI, with light-to-dark colors
reflecting posterior-to-anterior ROIs, while the third column shows the same but zoomed in. Note that the first column
reflects absolute correlation coefficients, while the second and third column reflect proportion of maximum correlation
coefficient per ROIL Second and third column are smoothed using a 20 msec sliding window for plotting purposes only.
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Figure 4. Dynamic RSA results for body posture models.

Region of interest (ROI)-based analysis, with normalized dRSA regression weights illustrated as latency plots. Two viewing
conditions are displayed in rows with normal on top (A) and temporally scrambled below (B). Different stimulus models are
displayed in columns with body posture capturing 3D position of 13 kinematic markers placed on the dancer. Lines and
shaded areas indicate participant-average and SEM, respectively, with n =40 and 37 in A and C, respectively. Light-to-dark

Neuroscience

colors reflect posterior-to-anterior ROIs. Horizontal bars indicate beta weights significantly larger than zero (one-sided t-test
with p < 0.001 for each time sample), corrected for multiple comparisons across time using cluster-based permutation testing
(p < 0.05 for cluster-size), with colors matching the respective ROI line plot. (C) Individual-participant (n = 37) peak magnitude

in normal versus scrambled condition, with peak magnitudes averaged over the first 4 ROIs. A dot in the upper left or lower
right triangle indicates a larger peak magnitude in the scrambled or normal condition, respectively. The red dot reflects the

participant average. * p < 0.05.

de Vries et al., 2026 eLife 15:RP111118. https://doi.org/10.7554/eLife.111118.1

90f35


https://doi.org/10.7554/eLife.111118.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/neuroscience

= eLife

Neuroscience

0.023, w?= 0.060, BF = 2.47), and for an interaction between model and ROI (F(2.2,80.4) = 3.22, p =
0.040, »? = 0.022, BF = 1.22), but moderate evidence for no main effect of ROI (F(2.0,71.2) = 2.83, p =
0.066, w2 = 0.017, BF = 0.269) and no other interactions (p > 0.152, BF < 0.459). These results
indicate that if the congruent continuation of a biological motion sequence cannot be predicted,
the post-event neural representation of (mostly view-dependent) body posture increases. Such
post-event representation of unpredicted information (or prediction errors) is in line with
predictive coding theory. Last, we tested whether temporal scrambling also affected the latency of
body posture representations, using bootstrapping as above to test the expectation that scrambling
results in later representations (more positive latency) compared to normal viewing, which would
be evidenced by the one-tailed 95% confidence interval of the bootstrapped distribution of normal
minus scrambled peak latencies being lower than zero. We found that only the view-invariant
body posture was represented delayed in the scrambled compared to normal condition (194 vs 65
msec, 95% CI: -43 msec), while this was not the case for view-dependent body posture (105 vs 133
msec, 95% CI: 101 msec), and we qualitatively replicated this result for the centroid latency (see
Supplementary Text).

Discussion

In this study we tested to which extent the predictive neural representation during biological
motion perception depends on holistic and kinematics priors. First, we replicated our previous
with time scales matching hierarchical levels of processing such that high-level view-invariant
body motion was predicted earliest, while view-dependent body motion and low-level pixelwise
motion were predicted increasingly closer to real-time. These findings extend a growing body of
evidence for hierarchical prediction (49-53), by demonstrating the necessary time scales for such
hierarchy. Next, in line with our hypothesis, disrupting holistic priors by up-down inversion
attenuated neural prediction selectively at the highest processing level of view-invariant body
motion, in terms of both strength and prediction latency, while this was not the case for view-
dependent body motion and pixelwise motion. In fact, prediction of view-dependent body motion
increased, suggesting that predictions were channeled to this level at which prediction was still
possible. Interestingly, this change in neural strategy seemed effective, given that performance on
the occlusion task, which arguably requires prediction, was only numerically lower for inverted
viewing. Low-level pixelwise motion prediction was not affected by inversion at all, indicating that
it does not rely on holistic priors. Next, confirming our hypothesis, disrupting kinematics priors by
temporal scrambling completely eliminated neural prediction at all levels. Instead, reactive post-
stimulus neural representations for static body posture increased significantly and became more
delayed, which likely reflects bottom-up processing of unpredicted sensory input.

Accurate biological motion perception is crucial for our daily social interactions as it helps us
understand and predict other’s actions, moods, and intentions (1, 2). While this may be enabled by
our priors of other agents and how they move (4-8, 11, 12, 15-17, 40), to date it was unclear
whether neural prediction of biological motion relies on such priors, or that general motion
extrapolation mechanisms are sufficient. Here we tested the effect of ‘turning off” our priors.
Specifically, we disrupted holistic and gravity priors by up-down inversion, which leaves
kinematics intact. Indeed, inversion is an effective way to impede biological motion perception
and attenuate its associated neural responses (6, 38-41). Strong inversion effects have also been
observed for static body posture (9, 10) and face recognition (43, 54, 55), which is impaired when
inverted, but only when recognition relies on holistic instead of featural processing (42), thus
evidencing the importance of holistic processing of bodies and faces (10, 55). Interestingly, it seems
that for biological motion perception also gravitational priors play an important role. That is,
when global configuration is destroyed by spatial scrambling, the inversion effect partly remains
due to local biomechanical constraints and acceleration effects (15, 38, 56). However, as these
studies were restricted to motion direction estimation in simple gait, this unlikely generalizes to
predictive processing of more complex three-dimensional biological motion. In any case, it is clear
that inversion disrupts our holistic priors of other people and how they move. We extend the
current literature by showing that specifically the neural prediction of view-invariant biological
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motion relies on holistic priors, while prediction of view-dependent biological motion and
pixelwise motion likely relies more on local motion patterns that are less affected by inversion (15,

of hierarchical prediction theories (20, 23, 25), the intact lower-level predictions suggests that these
do not solely rely on a top-down influence of high-level predictions but instead partly originate
independently at their respective level of processing.

We tested the effect of kinematics priors on predictive representations by temporal scrambling,
and found that all motion prediction, including low-level pixelwise motion, was eliminated. Since
pieces were between 200 and 500 msec, short-term kinematics remained intact, and one could
expect pixelwise motion prediction (at a latency of only ~150 msec). It could be that indeed mostly
higher-level (view-dependent and -invariant) body motion prediction is attenuated, but that this
trickles down to the hierarchically lower pixelwise motion prediction. However, neural prediction
of low-level stimuli such as (apparently) moving dots without naturalistic hierarchical embedding
is also possible (44, 45). While removing such embedding might attenuate low-level prediction, it
seems unlikely to disappear altogether. A more likely explanation is that on average our pieces
were too short (i.e., 350 msec) to ‘start up’ any prediction. It is an open question how much time is
needed to set up kinematics priors based on local temporal context. Earlier research using
temporal scrambling with ~4 sec pieces in an fMRI movie paradigm found that only higher area
responses were disrupted, while responses in early visual areas were not (57). However, 4 seconds
is too long to investigate low-level visual dynamics. Future research should test how much time is
needed to set up our priors, for instance by systematically manipulating piece lengths to see at
which length high- and low-level prediction disappears. Interestingly, representational content
was dominated by increased and slightly delayed reactive representation for both view-dependent
and view-invariant body posture, indicating that if the congruent continuation of a biological
motion sequence cannot be predicted, the post-stimulus representation of body posture increases.
The here observed stronger post-stimulus representation of unpredicted information supports
predictive coding theory, which assumes that sensory input is only processed bottom-up along the
visual hierarchy after stimulus occurrence if it has not been predicted, or violates a prediction, i.e.,
a prediction error (21, 24), which is likely the case here. It is also interesting to note that while here
we artificially induce sudden segment boundaries, our daily life is filled with naturalistic event
boundaries. Such boundaries are mirrored in boundary-induced activation patterns for short
events in sensory regions and long events in high-order areas (58), and these boundary-induced
activation patterns are similar but advanced on repeated movie viewings (59, 60). Additionally,
across compared to within boundaries there is worse behavioral prediction (61), delayed eye

increase in prediction errors demarcating naturalistic event boundaries. Similarly, observed
action events that are isolated from their naturalistic event sequence and randomly scrambled,
lead to less top-down activity, and more bottom-up visual responses (63). These previous studies
thus demonstrate behavioural and neural signatures of reduced prediction and increased
prediction errors across (artificial or natural) input boundaries. We extend these findings by
unveiling the exact content and latencies of those reduced predictions and increased prediction
errors, i.e., eliminated motion prediction and increased and delayed post-stimulus representation

of static body posture, respectively.

It is worth mentioning that while we observed reactive representations for body posture in the
scrambled condition that we interpret as unpredicted sensory input, a positive latency precludes
inferring that a representation solely reflects bottom-up activation, as top-down expectations
relative to pure bottom-up processing. It is therefore unclear to what extent these representations
are still affected by fast recurrent processing or even prediction for the duration of a video piece.
However, a direct comparison with the normal viewing condition does allow us to conclude that
post-stimulus representations of body posture are enhanced and delayed, which is indeed in line
with predictive coding theory.
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To conclude, using a new dynamic RSA approach we demonstrate that high-level view-invariant
prediction of biological motion relies on holistic and gravity priors, while in contrast prediction of
view-dependent biological motion and low-level visual motion only relies on kinematics priors
based on temporally local context. These findings thus provide evidence for a hierarchy of priors,
akin to what has been found in other domains (49-51), and reveal how these priors shape
predictive neural representations of observed biological motion.

Materials and Methods

Participants

Forty-three healthy humans (mean age, 28 + 6 years) participated in the experiment for monetary
compensation. Three participants were excluded from analyses due to low behavioral
performance (see below). Participants were relatively diverse and consisted of MSc and PhD
students, and postdocs, from all faculties of the University of Trento, and originating from a wide
range of countries. All but one participant was right-handed, all had (corrected-to-)normal vision
and were naive with respect to the purpose of the study. Sixteen participants identified themselves
as male. Sex or gender information was not otherwise collected. As we aimed for our findings to
be generalizable, we combined all participants in the group-level statistical analyses. All
experimental procedures were performed in accordance with the Declaration of Helsinki and
were positively reviewed by the Ethical Committee of the University of Trento. Written informed
consent was obtained from all participants. Additionally, written informed consent was obtained
from the ballet dancer for the creation and publication of the ballet dancing videos as well as the
example frames displayed throughout this article.

Stimuli

Stimuli consisted of 14 unique 5-sec videos of four smoothly connected ballet dancing figures
selected from five unique figures (i.e., passé, pirouette, arabesque, bow and jump; see Table S1@

presented from several viewpoints to allow separation of view-dependent and view-invariant
representations. We recorded 3D positions of 13 infrared markers placed on ankles, knees, hips,
shoulders, elbows, wrists, and head of the dancer. See https:/github.com/Ingmar-de-
Vries/DynamicPredictions @ for all 14 unique videos and temporally aligned 3D kinematic data.

Stimulus models

All data analyses were performed in MATLAB (version 2023b; MathWorks). We used stimulus-

levels of complexity/abstraction from low-level visual information (pixelwise luminance) up to
higher-level, perceptually more invariant information (view-invariant body posture and motion).
We also included a participant-specific gaze position model to control for eye-movement related
variance in the dynamic representational similarity analysis (ARSA). Models based on video data
were upsampled from 50 to 100 Hz to match the kinematic data, using shape-preserving piecewise
cubic interpolation.

Low-level visual (pixelwise) models (Fig. S4b % ; left column): RGB values at all 400 x 376 pixels of
each video frame were converted to grayscale (i.e., luminance values), smoothed (i.e., spatially
low-pass filtered) using a Gaussian kernel with sigma =5 (i.e., ~11.75 pixels full width at half
max(36)), and vectorized, thus resulting in a model vector for each time point. For each time point
separately, the dissimilarity between the two vectors of two different videos was computed as 1-
Pearson correlation, to generate a single entry in the model RDM (representational dissimilarity
matrix) at that time point. This was repeated for each stimulus pair to generate a 14 x 14 RDM at a
single time point and subsequently repeated over the 500 time points (i.e., frames) to generate 500

model RDMs (see Fig. S3d @ for an example). Pixelwise motion was estimated with optical flow
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at each pixel. Optical flow vectors were spatially smoothed using the same Gaussian kernel as
above (66), divided in magnitude and 2D direction, and vectorized, before computing the RDM as

above.

Kinematic marker models (Fig. S4c (2): View-dependent body posture (Fic ; first column)
was operationalized as the 3D positions of the 13 kinematic markers (i.e., eatures), relative to a
coordinate system with origin placed on the floor in the center of the video frame. View-
dependent body motion (Fig. 45c 2 ; third column) was operationalized as the first derivative of
view-dependent body posture, i.e., the difference in the 3D marker positions between two
subsequent frames. Body motion vectors, therefore, had a magnitude and a 3D direction. View-
invariant body posture and motion (Fig. S4c; second and fourth column) were computed by
aligning (i.e., minimize sum of squares) the 3D marker structure of one stimulus with the marker
structure of the other stimulus, while keeping its internal structure intact, by using translation,
and rotation along the vertical axis only, before computing dissimilarity as above. If in two videos
the exact same ballet figure is performed from a different perspective, this would result in high
dissimilarity of view-dependent body posture, but high similarity of view-invariant body posture.
Since dissimilarity is slightly affected by directionality (i.e., dissimilarity(frame1l,frame2aligned) #
dissimilarity(framelaligned,frame2)), dissimilarities were computed in both directions and
subsequently averaged. View-dependent and view-invariant body acceleration were
operationalized as second derivative of body posture. Since these models only explained a
minimal amount of variance in the neural data, they are not illustrated in the main results.
However, they did correlate with some of the tested models (see subsection Simulations), and we
therefore regressed them out when testing each of the other models (see subsection Dynamic
representational similarity analysis for details on regression). Note that to prevent artificially
large motion vectors (i.e., for pixelwise and body motion) across piece-boundaries in the piecewise
scrambled condition, we first computed the models, after which model data was piecewise

scrambled to match the stimuli observed by the participants.

Since eye movements are a common covariate in multivariate analysis of neuroimaging data(67),
even in case of a fixation task (i.e., micro-saccades remain), we included participant-specific RDMs
based on gaze-position to ensure that the dRSA results for our models of interest were not due to
eye movements. Eye tracker data was downsampled to 100 Hz, missing samples were interpolated
(e.g., due to blinks; 1.4 + 3.0% of all samples; mean + std across participants), and trials with more
than 10% missing samples were rejected (2.7 + 6.5% of all trials; mean + std across participants).
Finally, trials were averaged per condition over all repetitions of the exact same stimulus.
Dissimilarity for the RDM was defined as the Euclidean distance between the four eye position
values (i.e., X-, and y-position for the left and right eye), as four values are too low for a reliable

correlation estimate. Gaze position did not explain much variance in the neural data (Fig. S1®),

Simulations).

Experimental design and behavioral task

We used Psychophysics Toolbox (version 3) in MATLAB (version 2012b; MathWorks) to create and
run the experiment. Trials consisted of 5-sec ballet videos (Fig. 1a (@) that were separated by blank
screens with a white fixation cross presented for 1.8-2.2 s (uniform distribution). Participants kept
fixation on a fixation cross displayed on top of the videos while covertly attending the dancer.
Videos were presented in three different viewing conditions (33% of trials per condition);

normally as in our previous study (35), up-down inverted, or temporally piecewise scrambled with

scrambled indices were different for each participant and each of the 14 videos. They were
determined at start of each recording session and stored for offline analysis to allow
reconstruction of the exact observed stimuli per participant. For the first three participants we
failed to store this information, which thus led to the exclusion of these 3 participants from any
analysis involving the scrambled condition. A run lasted ~14 min and consisted of 108 randomly
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ordered ballet figures (36 per condition), with the only constraint that the exact same sequence
was never directly repeated (i.e., there was always at least one different sequence in between).
Attention to the ballet sequence was ensured by means of 16 randomly distributed catch trials per
Participants were requested to indicate by button press whether the video continued correctly, or
with an incorrect sequence. The occlusion could appear between 2.7 and 4.2 sec after video onset
and never crossed the boundary between two ballet figures (which would make the task close to
impossible). Additionally, to make the occlusion task possible in the scrambled condition, the
scrambled video was always replaced by the normal unscrambled video from 500 msec before
occlusion onset. Fixation was encouraged by means of 8 randomly distributed catch trials per run,
in which the fixation cross changed color from white to light purple (RGB=[117 112 179]) for 200
msec at a random time between 0.4 and 4.8 seconds after onset, in response to which participants
were requested to press a button. The color was chosen such that the change was only visible
when fixating, but not from the periphery. Participants received immediate feedback on each
catch trial. To ensure continuous attention to the task and fixation, catch trials were uniformly
distributed across each run. Participants performed one practice run outside of the MEG scanner,
in which 41% of trials were catch trials to ensure enough practice with the task. During MEG,
participants performed the behavioral task well, indicating that they attended the dancer and kept
fixation (Fig. 1d%). Participants performed either 6 or 7 runs depending on attentional fatigue (6.1
on average), which resulted in an average of 659 trials per participant for further analyses (i.e.,
~15.7 trials per unique video per condition). Three participants were excluded from all analyses
due to behavioral performance because they responded too fast (< 200 msec) or too slow on the
occlusion task in more than 75% of trials (3 participants), or because they had a condition-
averaged accuracy on the occlusion task that was lower than the participant-average minus 2
standard deviations (1 participant). This led to a total of 40 remaining participants for the normal
and inverted conditions, and 37 for the scrambled condition.

MEG data collection and preprocessing

MEG was recorded at 1000 Hz using a 306-channel (204 planar gradiometers, 102 magnetometers)
VectorView MEG system (Neuromag, Elekta) in a two-layer magnetically shielded room (AK3B,
Vacuum Schmelze). A low-pass antialiasing filter at 330 Hz and a DC offset correction was applied
online, but no online or offline high-pass filter was applied, since high-pass filtering with too high
a cutoff can have unwanted side-effects including temporal spread of multivariate information
(68). Before MEG recording, we used the Polhemus FASTRAK electromagnetic localization system
to digitize the individual-participant head shape, i.e., the position of three anatomic landmarks
(nasion, left and right preauricular points), five head position indicator coils and at least 350
additional points uniformly spread across the participant’s head. We digitized landmarks and coils
twice to minimize error. To allow offline MEG - MRI co-registration, we acquired the head position
at start of each run by passing a small current through the coils. We collected binocular gaze
position at 1000 Hz using the SR-Research Eyelink Plus eye tracker. Stimuli were presented using a
Vpixx PROPixx projector. All hardware was connected to a DataPixx input-output hub (Vpixx
Technologies) to present stimuli, and collect data and button presses with minimal delays, and to
store stimulus-onset triggers together with the MEG data. Additionally, a photodiode in the top left
corner of the screen (i.e., outside of the video frame and invisible to the participant), registered a
square on the screen underneath the photodiode changing from black to white at the onset of each
single video frame, for realigning MEG signals to these photodiode signals offline.

As a first preprocessing step, bad sensors (e.g., noisy or with many SQUID jumps) were
automatically detected using MNE python’s find_bad_channels_maxwell algorithm (69), to detect a
maximum of 12 noisy sensors for interpolation. Neuromag’s MaxFilter implementation (version
2.2) of Signal Source Separation (SSS (70)) was used to remove external noise, interpolate bad
sensors, and spatially align the head position inside the helmet across runs. All further

MATLAB (version 2023b; MathWorks), as well as custom-written MATLAB scripts (shared at
https://github.com/Ingmar-de-Vries/HierarchicalPriors2). MEG data were loaded into Brainstorm,
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after which spatial co-registration with participant-specific anatomical MRI scans was refined
using the 350+ digitized head points, data were filtered for line noise (50 and 100 Hz, 0.5 Hz filter
bandwidth), down-sampled to 500 Hz, and cleaned using independent component analysis (ICA).
ICA was applied separately to magneto-and gradiometers, and on a temporary data version that
was downsampled to 250 Hz and band-pass filtered at 1-100 Hz to speed up computation and
improve ICA, respectively. An average of 2.2 blink and eye-movement, 1.5 cardiac and 0.3 noise
related components were detected by visual inspection and removed from the original data. Next,
segments were automatically marked as bad using Brainstorm based on low-frequency noise (i.e.,
1-7 Hz; e.g., movement or SQUID jumps) or high-frequency noise (i.e., 40-240 Hz; e.g., muscle),
with the sensitivity parameter set to 4 or 5 depending on visual inspection of detected segments
(participant-average of 4.8 for each frequency band). Next, continuous data were epoched (-1.5 to
6.5 sec locked to video onset), single-trial baseline corrected (-500 to 0 msec), and previously
detected bad segment were converted to NaN. This resulted in an average of 614 out of 659
completely clean trials. We then applied source reconstruction on these clean trials only (see
below) and only stored the inversion kernels (i.e., 306 x 15.000 matrix) for efficiency. Last, sensor-
level data were exported in Fieldtrip format and Fieldtrip functions were used to realign epochs to
photodiode onset, temporally smooth data using a 18 msec boxcar kernel, downsample to 50 Hz,
and finally average over all ~15.7 repetitions of the same unique video per condition. Note that for
the average we ignored the bad segments (i.e., NaNs), as well as the time window after catch-trial
onset in the catch-trials.

Source reconstruction and ROI selection

We used minimum-norm estimation (MNE) in Brainstorm with default settings (73), to estimate
15,000 source signals distributed on the cortical surface. For 30 participants we used participant-
specific anatomical T1 MRI scans, and if unavailable the ICBM152 standard brain for the
remaining 10 participants, to construct 3D forward models. Scans were obtained using a Siemens
Prisma 3T. Fiducial points were marked automatically in MNI space, after which 3D brains were
reconstructed using CAT12 version 2170 (74). For the 10 participants without individual scan, the
standard brain was warped to the participant’s head shape as estimated from the +350 digitized
head points. Overlapping spheres were used as forward model. Noise covariance matrices were
computed from the baseline-normalized single trials using the -1000 to 0 msec pre-video time
window and using both gradio- and magnetometers. Non-normalized current density maps were
computed as measure of source activity, with source direction constrained to be normal to the
cortex, thus resulting in a single signal at each source. Next, the 15,000 sources were parcellated
into 360 parcels according to the Human Connectome Project (HCP) atlas (75). Six regions of
interest (ROIs) that consisted of one or more parcels were selected a priori consistent with our
previous study (Fig. S53) (35), i.e., three low-level visual areas (i.e., V1, V2 and V3+4), and three
areas from the action observation network, namely the lateral occipitotemporal cortex (LOTC), the
anterior inferior parietal lobe (aIPL), and the ventral premotor cortex (PMv), because this network
is involved in processing observed actions (76-78). ROIs were comparable in size with on average
484 sources (min-max = 403-565). Source signals were used as features to compute a neural RDM

for each ROL using 1-Pearson correlation as dissimilarity after centering the data.

Dynamic representational similarity analysis

We applied the same dRSA pipeline with similar parameters as validated in our previous study
(35), but describe it here shortly for completeness. Time-resolved neural and model RDMs were

stimuli) by 250 time points (at 50 Hz). RDMs were temporally smoothed using a 30 msec boxcar
kernel to improve SNR, and subsequently centered per time point, and standardized across all
time points at once to equalize scales between RDMs while keeping temporal structure inherent to
a certain model intact. Next, the similarity between neural and model RDMs was computed at each
model time lag (i.e., for each diagonal in the 2D dRSA matrix) within the range of -1 to 1 sec. This
resulted in a latency-plot (Fi @ ; top panel), in which a peak to the right of the vertical zero-
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lag midline indicates that the neural RDM is most similar to a model RDM earlier in time, whereas
a peak on the left indicates that the neural RDM is predicting a future model RDM. The different
stimulus models inevitably share variance at any given time point, but also across time points due
which are not problems with dRSA per se, but rather inherent to naturalistic continuous stimuli.
We therefore used principal component regression (PCR) to compute similarity, which estimates
variance in the neural RDM best explained by each separate model RDM (Fig. S2b (% and d @),
while minimizing variance better explained by other models. The neural RDM at a given time
point ty is the response variable Y (91 features by 1 time point), while the regressors consist of the
model RDM of interest at ty (91 X 1), the other 9 model RDMs across latencies from -1 to 1 sec (91 x
Niime per model), plus the model RDM of interest itself at distant time points (i.e., minimum
distance from ty at which the model shared less than 10% variance with itself at ty) to minimize
effects of model autocorrelation. The regression weight for the model RDM of interest at t is the
measure of similarity with the neural RDM at ty. Since this results in >900 regressors (i.e., 91 x
900), we used principal component analysis (PCA) to reduce dimensionality. First, we ran PCA
separately per model and selected those components capturing at least 0.1% of total variance. We
then combined models and ran a second PCA from which only the first 75 components were
selected (to stay well below the theoretical limit of 91 features). These 75 components were used as
predictor variables in a linear least-squares regression, after which the PCA loadings were used to
project the component regression weights back onto the original regressors, in order to extract the
regression weight for the model RDM of interest at ty. PCR strongly reduces dimensionality of the
regressors while maintaining almost all variance. Additionally, it decorrelates regressors which
prevents multicollinearity. Crucially, simulations confirmed that PCR was effective at estimating a
specific model representation while minimizing variance better explained by other models (see

Temporal subsampling

To increase SNR and generalizability of results we included an additional important step in the
dRSA pipeline. At any given time point stimulus-specific feature trajectories determine how far in
advance a stimulus can be predicted, which differs for each of the 14 videos. The RDM structure at
any time point therefore depends on the exact arbitrary pairwise alignment of the ballet
sequences, which in turn causes the pattern across stimulus time (i.e., along the diagonal) in the
2D dRSA matrix to be heterogeneous and idiosyncratic. Since we’re not interested in these specific
14 stimuli and their arbitrary alignment per se, we added a temporal subsampling and
realignment step to mimic an infinite number of stimuli and thus minimize the idiosyncrasy of
our dRSA results (Fig. S6(%). Specifically, across 1000 iterations a random 3-sec segment was

per stimulus, the same time window was used for neural and model data within a stimulus, thus
keeping their temporal alignment intact (Fi 7 ; dotted vertical orange lines). Next, the new 14

realigned neural by model time point as described above. This procedure results in a different
pairwise alignment of the 14 stimuli on each iteration, thus creating different idiosyncratic dRSA
latency curves on each iteration with different shapes and peak latencies (see Fig. 7d in De Vries et
al. 2023 (35) for an illustration). In the last step dRSA latency curves were averaged across the 1000
iterations, thus reducing dependency of results on arbitrary pairwise alignments of biological
motion sequences, make the results more generalizable, and increase SNR. Note that this whole

procedure was done separately per participant.
Statistical analysis

First, we tested for which ROI-model-condition combination the dRSA latency curve (i.e., beta
weights) were significantly higher than zero. We performed group-level non-parametric
permutation testing (25,000 permutations per analysis) with cluster-based correction for multiple
comparisons (79), with t-values from a one-tailed t-test as test statistic and the sum over t-values
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within a cluster as measure of cluster size. Clusters were made up of connected time points with p-
values below 0.001, and significance of cluster-size was tested at alpha = 0.05. Only significant
clusters larger than what might be expected by chance survive this procedure. Significant
intervals in the dRSA latency plots are indicated by think horizontal bars with colors matching the

The two main measures of interest we used to compare conditions are the magnitude and latency
of the peaks, which capture the strength of the representation, and the timing relative to the
stimulus event (i.e., how lagged or predictive) at which the representation is strongest,
respectively. Given that peak latencies are difficult if not impossible to capture for weak
representations (i.e., a nonsignificant dRSA effects), we restricted the condition comparisons to
ROIs where at least one condition showed a significant dRSA effect (Fig. S1 ). To compare
magnitudes of predictive peaks between the normal and inverted conditions, we first averaged
dRSA values in a 100 msec window surrounding a priori selected predictive peaks based on our
previous results with the same stimuli (35) (i.e., ~110 msec, ~180 msec, and ~510 msec, for
pixelwise motion, view-dependent, and view-invariant body motion, respectively), and performed
a repeated measures ANOVA for each model separately, since time-averages are not comparable
between models with different temporal autocorrelation profiles, i.e., averages are inflated in case
of broader temporal autocorrelation (Fig. S2(%). This resulted in a [2 condition by 4 ROIs] ANOVA
for pixelwise motion and view dependent body motion, and a [2 conditions by 3 ROIs] ANOVA for
view invariant body motion. To compare peak magnitudes between the normal and scrambled
condition for the body posture models we did not have very reliable a priori peak latencies since
these representations were weak in our previous study. We therefore estimated peak latencies
based on the grand-average dRSA latency plots (averaged over participants, normal and scrambled
conditions, and the first four ROIs), and extracted peak magnitudes at that latency for each
participant, condition, ROI and model for statistical comparison using a [2 conditions by 4 ROIs by
3 models] repeated measures ANOVA for predictive peaks and [2 conditions by 4 ROIs by 2 models]
ANOVA for lagged body posture peaks. ANOVAs were run in JASP version 0.19.3 with default
hypothesis testing, while the strength of evidence in favor of or against a given effect was further
estimated as Bayes Factor (BF) using Bayesian ANOVAs. Violations of the sphericity assumption
were corrected using Huynh-Feldt. For Bayesian ANOVAs we analyzed the effects for matched
models, i.e., a direct comparison of the evidence between all models that include a given factor
and all equivalent models without that factor.

We used bootstrapping to compare peak latencies between conditions (or against zero for the
direct comparison between neural RDMs of normal vs inverted; Fig. 3 ), a common approach

we extracted a random sample (with replacement) of size N from our N participants, estimated the
peak latency difference between conditions for each bootstrapped participant, and averaged over
participants. These 10,000 bootstrapped averaged peak latency differences were then used to
create a distribution, and to test whether the 95% confidence interval of the bootstrapped
distribution included zero. Additionally, we performed the exact same bootstrapping analysis on
the centroid latency, which is the center of mass of the dRSA curve, or the latency at which the
area under the curve to the right and left side of this latency is equal. The centroid latency might
be less sensitive to noise than peak latency estimates, as it considers representational weight that
is not captured by the peak (e.g., for non-symmetrical curves). Last, for an exact replication of our
previous results regarding hierarchical time scales of predictions in the normal condition only

measures ANOVA.

Simulations

While we used simulations in our previous study to validate the regression-based dRSA pipeline
(35), we computed them here again for completeness, now including the new conditions. Most

importantly, the simulations demonstrate that principal component regression (PCR; see
subsection Dynamic representational similarity analysis) is effective at estimating variance in the
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(simulated) neural RDM best explained by each separate model RDM, while minimizing variance

both across and within models, which demonstrate the complex patterns of shared variance
across time, which in turn limits unambiguous inference if correlation is used. Instead, PCR is
effective at extracting only the model of interest from the simulations, while largely regressing out
other models. Note that the models for the normal and inverted condition are identical, while the
scrambled condition inevitably results in models with narrower temporal autocorrelation.
Interestingly, these simulations indicate a different maximum possible PCR beta weight for each
model and for the normal/inverted vs scrambled condition (i.e., see zero-lag peak magnitudes in

between models or conditions with different maximum possible regression weights.

Data availability

The experimental code and stimuli, all MEG, eye-tracking, and behavioral data, and all analysis
code needed to run the presented analyses and evaluate the conclusions will be made freely
available before publication of the version of record (VOR). Code will be available at:
https://github.com/Ingmar-de-Vries/HierarchicalPriors . Stimuli are already available at
https://github.com/Ingmar-de-Vries/DynamicPredictions 2 . The data will be shared in BIDS format
on the Radboud Data Repository (https:/data.ru.nl/2).

Supplementary text

Behavioral results

Behavioral results on the catch trials are illustrated in Fig. 1d 2 in the main text. On the occlusion
task, participants responded 77 + 10, 73 + 11 and 74 + 9 percent correct (mean * std) on the normal,
inverted and scrambled movie conditions, respectively (Fig. 1d%; top, right), with anecdotal
evidence for no difference between conditions (F(2,78) = 2.05, p = 0.136, w?= 0.014, BF = 0.467).
Similarly, there was moderate evidence that participants responded equally fast on all three
conditions in the occlusion task (F(2,78) = 1.68, p = 0.194, w?= 0.001, BF = 0.313), with reaction
times of 697 + 141, 716 + 133, and 706 + 135 msec on the normal, inverted, and scrambled
conditions, respectively (Fig. 1
+12,94 £ 8, and 89 + 14 percent correct (median + IQR) on the normal, inverted and scrambled
conditions, respectively (Fig. 1d (3 ; top, left), with strong evidence for a difference between
conditions (F(2,78) = 7.79, p < 0.001, w?= 0.074, BF = 44.39), which a post-hoc test indicated was
driven by a lower performance on the scrambled compared to both the normal condition (t(39) =
3.54, p = 0.003, d = 0.686, BF = 29.16) and the inverted condition (t(39) = 3.08, p = 0.008, d = 0.583, BF
=9.35). Similarly, there was strong evidence for a difference in reaction time between conditions
in the fixation task (F(2,78) = 7.01, p = 0.002, w?= 0.030, BF = 19.34), with reaction times of 640 +

145, 736 + 126, and 757 + 108 msec on the normal, inverted, and scrambled conditions, respectively

scrambled compared to both the normal condition (t(39) = 3.10, p = 0.011, d = 0.441, BF = 9.97), and
the inverted condition (t(39) = 2.44, p = 0.039, d = 0.355, BF = 2.31). The reduced performance on the
fixation task for the scrambled condition is likely due to the color change of the cross being harder
to detect amidst the sudden frame changes between scrambled video pieces. Importantly, the lack
of a difference in performance on the occlusion task indicates that participants paid attention to
the ballet dancer equally well across the three viewing conditions. Last, participants did not
systematically choose to either focus only on the fixation cross, or only on the ballet dancer, which
would be reflected in a negative correlation between tasks. Instead, there was moderate evidence
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for no correlation for percentage correct (r = -0.008, p = 0.959, BF = 0.197), and a positive
correlation for reaction time (r = 0.440, p = 0.005, BF = 9.65), which suggests that participants
divided attention across tasks as intended.

Centroid latency

Our main estimate of representational latency was based on the latency of the peak in our dRSA
latency plots (Fig. 22 and 4(2). However, peak latency estimation is inaccurate, sensitive to noise,
and might not capture the weight of the representational timing in case of non-symmetrical
curves. We therefore also computed the centroid latency (i.e., center of mass of the dRSA curve; see
Methods), which considers latency differences in representational weight that are not captured by
the peak. Importantly, for all our peak estimations the centroid analysis showed qualitatively the
same pattern. That is, only view-invariant body motion was predicted significantly earlier in the
normal compared to inverted condition (-498 vs -418 msec, 95% CI: -16 msec), while this was not
the case for view-dependent body motion (-174 vs -172 msec, 95% CI: 38 msec), or for pixelwise
motion (-239 vs -227 msec, 95% CI: 16 msec). For the body posture models only view-invariant
body posture was delayed in the scrambled compared to normal condition (176 vs 93 msec, 95%
CIL: -20 msec), while this was not the case for view-dependent body posture (94 vs 187 msec, 95%
CI: 149 msec).

Supplementary figures and tables
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Fig. S1.dRSA results for all models. Region of interest (ROI) analysis, with normalized dRSA regression weights
illustrated as latency plots for all tested models. The three viewing conditions are displayed in rows with normal
on top (A), inverted in the middle (B), and temporal piecewise scrambled at the bottom (C). Different stimulus
models are displayed in columns. Lines and shaded areas indicate participant-average and SEM, respectively, with
n =40 in (A) and (B), and n =37 in (C). Light-to-dark colors indicate posterior-to-anterior ROIs. Horizontal bars
indicate beta weights significantly larger than zero (one-sided t-test with p < 0.001 for each time sample),
corrected for multiple comparisons across time using cluster-based permutation testing (p < 0.05 for cluster-size),
with colors matching the respective ROI line plot.
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Fig. S2. Simulations.

(A) dRSA on simulated data using simple correlation as similarity measure, in the normal and inverted viewing conditions.
Note that the model RDMs do not differ between the normal and inverted viewing conditions. Colors indicate separate
simulations of individual model RDMs. Columns indicate which model was tested. These results illustrate the effect of shared
variance between various models and the effect of temporal autocorrelation within a given model. (B) Same but with
regression weight as similarity measure for dRSA using principal component regression (PCR; see “Materials and Methods”
for details). In short, simulated neural RDMs are exactly the same as in (A), but at the final step in dRSA (i.e., comparing
neural and model RDMs) all models are included in a single regression, and only the beta weight of the tested model
(columns) is illustrated. (C) and (D) Same as (A) and (B), respectively, but for the piecewise scrambled viewing condition.
Importantly, these results indicate that PCR is effective at extracting only the model of interest from the simulated neural
RDM, while largely regressing out the other models.
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Fig. S3. Dynamic representational similarity analysis (dRSA) approach.
Figure adapted from De Vries et al. 2023, Nat Commun, CC BY 4.0 (81). (A) Subjects observed ~46 repetitions of 14 unique 5-

sec dancing videos (Table S1 ) in 3 different viewing conditions (Fig. 1ac and b &) during MEG (i.e., ~15 repetitions per
video per condition). (B) Stimuli were characterized at different levels using dynamic stimulus models (e.g., body posture; see
Fig. _S4 for all models). (C) Individual-subject source-reconstructed MEG signals within regions of interest (RO see Fig.

St F_,_ for ROI definitions) were used as features for subsequent steps. (D) Neural and model representational dissimilarity
matrices (RDMs) were created at each time point based on pairwise dissimilarity in neural responses to the 14 stimuli and
pairwise dissimilarity in stimulus feature models, respectively. Bottom: model and neural RDMs are shown for 5-time points.

(E) Similarity between neural and model RDMs was computed for each neural-by-model time point (lower panel), using

regression weights to test a specific model RDM, while regressing out other covarying model RDMs. This approach was
validated through simulations (see subsection ‘Simulations’ and FlgSZZ:’) Last, the 2-dimensional dRSA matrix was
averaged along the diagonal to create a latency-plot (i.e., the lag between neural and model RDM; upper panel), in which
peaks to the right or left of the vertical zero-lag midline reflect reactive or predictive neural representations, respectively.

These dRSA latency plots are computed separately for each subject, ROI, model and condition, and then statistically tested.
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Fig. S4. Illustration of stimulus models.

Figure adapted from De Vries et al. (2023) Nat Commun, CC BY 4.0 (81) (A) Example frames of two videos (rows) to be
correlated for creating the model RDMs. (B) Low-level visual models. Left: pixelwise luminance (spatially smoothed
grayscale). Middle: magnitude of pixelwise motion (operationalized as optical flow vectors), with brighter colors indicating
higher magnitude. Right: direction of pixelwise motion, with optical flow vectors indicated in blue and scaled 10 times for
illustrative purposes. (C) Models based on 3D kinematic marker positions, from left to right: view-dependent body posture,
view-invariant body posture (i.e., after aligning the kinematic markers between videos without changing their internal
structure, through translation and rotation along the vertical axis), view-dependent body motion as indicated by blue lines
(i.e., difference in kinematic marker position between two subsequent frames), and view-invariant body motion. Note that the
main dRSA regression-based analysis included also view-dependent and view-invariant acceleration models, as well as gaze-
position models based on individual participant eye-tracker data.
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Fig. S5. ROI definitions.

Figure reproduced from De Vries et al. 2023, Nat Commun, CC BY 4.0 (81). Cortical regions of interest (ROIs) for main analysis

defined as follows (ROI name = atlas parcels): V1 = V1 [487 vertices]; V2 = V2 [491 vertices]; V3+V4 = V3 and V4 [490 vertices];
LOTC = V4t, FST, MT, MST, LO1, LO2, LO3, PH, PHT, TPOJ2 and TPOJ3 [565 vertices]; aIPL = PF, PFt, AIP and IP2 [403 vertices];
PMv = IFJa, IFJp, 6r, 6v, PEF, IFSp, 44 and 45 [466 vertices]. Note that these vertex amounts are based on the ICBM152 template
cortical surface, exact amounts differ slightly between individual subjects. MEG responses at all vertices from both
hemispheres were combined into a single vector to compute the neural RDM at a single time point (i.e., pairwise dissimilarity
in the MEG response to the 14 action sequences). For visualization, all vertices within a single ROI are given the same color,

anterior inferior parietal lobe, PMv = ventral premotor cortex.
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Fig. S6. Temporal subsampling and realignment.
Figure reproduced from De Vries et al. 2023, Nat Commun, CC BY 4.0 (81). Temporal subsampling and realignment were used

to attenuate idiosyncratic temporal heterogeneity in dRSA results caused by arbitrary pairwise alignment specific to these 14
stimuli (see subsection “Temporal subsampling” in the “Methods” section). (A) On each of 1000 subsampling iterations, a 3-
sec segment is randomly selected independently for each of the 14 stimuli (orange boxes). Crucially, while a different random
3-s window was selected for the 14 stimuli, for a given stimulus the same 3-sec window were selected for both neural and
model data, thus keeping temporal alignment between those intact (indicated by vertical orange dotted lines). (B) and (C)
Next, the 14 new 3-s segments are realigned, after which model and neural representational dissimilarity matrices (RDMs)
are computed at each realigned time point tg. Last, similarity is computed for each combination of realigned model time (x)
and neural time (y). Note that the steps in (A), (B) and (C), as well as the last step to compute the dynamic representational
similarity analysis (dRSA) curves, are all done within a single subsampling iteration. After 1000 subsampling iterations, dRSA

results are averaged over iterations.
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Table S1. Ballet figures per stimulus.

Each video stimulus consisted of a unique sequence of 4 smoothly connected ballet figures. The 4 figures were selected from
a total of 5 unique figures. Note that all figures were presented from multiple viewpoints, to allow for both view-dependent
and view-invariant body posture and motion models. The pirouette was always performed counterclockwise and could start

and end at different angles.

Video | First figure Second figure Third figure Fourth figure

1 Bow left Arabesque left Pirouette Passé back

2 Bow left Passé left Jump right Pirouette

3 Bow front Jump back Passé front Arabesque front
4 Pirouette Bow front Passé front Jump right

5 Pirouette Passé right Bow front Jump back

6 Passé right Bow right Arabesque right Pirouette

7 Passé right Pirouette Jump left Arabesque front
8 Passé front Arabesque front Bow left Jump right

9 Jump left Bow right Arabesque front Passé left

10 Jump right Pirouette Passé front Arabesque right
11 Jump back Arabesque front Pirouette Bow front

12 Arabesque left Pirouette Jump back Passé front

13 Arabesque right Passé right Pirouette Bow front

14 Arabesque right Jump left Bow right pirouette

Table S2. Peak latencies of the participant-average dRSA curves.

Peak latencies are indicated in msec relative to zero lag between neural and model RDMs. Results are shown only for
condition-ROI-model combinations with a significant main dRSA result (Fig. 2, 62, and S1%), since latency estimation is
inaccurate otherwise. We observed both a predictive (negative) and lagged (positive) peak for pixelwise motion direction in
the inverted condition (Fig
cortex, alPL = anterior infe

) and therefore computed peak latency separately for each. LOTC = lateral occipitotemporal

parietal lobe, PMv = ventral premotor cortex. Lum. = luminance, mag. = magnitude.

pixel pixel predictive lagged view view view view

wise wise pixelwise | pixelwise | dependent | invariant | dependent invariant

lum. | motion motion motion body body body body

mag. direction | direction posture posture motion motion

Vi 100 80 - - - - -160 -440
V2 100 80 -140 - - - -180 -440
g V3/4 100 80 -160 - - - -180 -660
¢ | LOTC 80 80 -160 - - 40 - -
alPL - - -120 - - - - -
vPM - - - - - - -
Vi1 80 80 -160 - - - -140 -680
= | V2 80 80 -160 320 - - -140 -
1;;': V3/4 80 80 -180 320 - - -140 -
z | LOTC 100 80 -220 460 - - -120 -
"~ | alPL - - - - - - - -
vPM - - - - - - - -
Vi 80 80 - - 80 - - -
3| V2 80 80 - - 80 100 - -
,;é V3/4 80 80 - - 100 120 - -
s | LOTC 100 80 - - 120 140 - -
2 | alPL - - - - - - - -
vPM - - - - - - - -
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Peer reviews
Reviewer #1 (Public review):

Summary

The authors apply dynamic representational similarity analysis (dRSA), a method introduced
in de Vries and Wurm 2023, to source-reconstructed MEG data from 40 participants who
viewed ballet dancing sequences under three conditions: normal viewing, up-down
inversion, and temporal piecewise scrambling. In normal viewing, they replicate their
previous finding of a hierarchical pattern of leading-edge neural representations, with view-
invariant body motion represented earliest in time (around 500 ms before the corresponding
stimulus state), followed by view-dependent body motion (around 200 ms) and pixelwise
motion (around 150 ms). Inversion selectively attenuates the leading-edge representation of
view-invariant body motion while enhancing view-dependent body motion. Scrambling
abolishes all leading-edge motion representations and instead increases post-stimulus
representations of body posture. The authors interpret these findings as evidence that
biological motion perception relies on a hierarchy of priors operating within a predictive-
processing framework, with inversion specifically disrupting holistic priors and scrambling
disrupting kinematics priors.

Strengths

The empirical work is careful and technically ambitious. The dRSA framework introduced in
the 2023 paper is a useful methodological contribution to the study of dynamic neural
representations, and the present manuscript extends it in well-motivated directions. The
dataset is substantial: 40 participants, source-reconstructed MEG, three within-subject
conditions. The replication of the 2023 normal-condition findings in an independent 40-
subject sample is solid, which is increasingly rare and welcome in the field. The inversion
and scrambling manipulations are well-motivated, and the conditions are matched on
stimulus identity. Principal component regression is used appropriately to handle the
genuine challenge of correlated and autocorrelated stimulus features, and the authors
validate this choice through simulations. Eye position is included as a covariate and
successfully regressed out, addressing a common confound in MEG decoding work.
Behavioral catch trials demonstrate that participants attended to the stimuli across
conditions. Both frequentist and Bayesian statistics are reported with appropriate corrections
for multiple comparisons. The inversion result, in particular, is striking, and the asymmetry
between view-invariant and view-dependent representations is informative.

Weaknesses

The central interpretive step in the manuscript treats a negative-lag dRSA peak as direct
evidence for active hierarchical predictive inference. The data are equally consistent with at
least three other accounts that the manuscript does not engage with, and the conclusion is
therefore stronger than the data support.
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First, the leading-edge dRSA signature is a natural consequence of nonlinear temporal
integration of autocorrelated stimulus features. A long line of work from the Winawer and
Grill-Spector labs (Zhou et al. 2018, Zhou et al. 2019, Stigliani et al. 2017, Kim et al. 2024) has
established that the human visual cortex implements compressive temporal summation with
delayed divisive normalization and that temporal integration windows progressively
increase from early to higher visual areas. A nonlinear-summation response to an
autocorrelated feature encodes deviations from the recent baseline. For smooth trajectories,
this is essentially a local derivative, and the derivative inherits the trajectory's leading edge
as a free consequence - no predictive machinery required. The integration-window hierarchy
that Kim et al. (2024) recovered from voxelwise spatiotemporal pRFs maps onto the 150/ 200 /
500 ms hierarchy reported here almost one-for-one. That alignment is unlikely to be
coincidental and deserves explicit treatment.

Second, the experimental design places participants firmly in the regime where Dayan's
successor representation (SR) predicts that the brain holds a precompiled associative cache of
trajectory structure. Each unique sequence is presented approximately 47 times across the
experiment. An SR in Dayan's original formulation is a precompiled lookup table, not an
online inference engine - querying it during familiar trajectories produces leading-edge
representations through passive associative retrieval, mechanistically distinct from active
prediction despite producing similar signatures. The senior author's own lab has
demonstrated SR-like representations in V1 (Ekman, Kusch, de Lange 2023 eLife), but this
paper is not cited or engaged with in the present manuscript despite its direct relevance.

Third, the canonical computational model of biological motion perception (Giese and Poggio
2003 Nat Rev Neurosci) is a fully feedforward template-matching architecture that predates
the predictive-coding framing of biological motion. It accommodates the inversion effect
(templates tuned to upright statistics), the hierarchy of timescales (graded leaky integrator
time constants), and the scrambling effect (broken sequence-neuron activation) without
invoking generative models or prediction errors. The manuscript cites Giese-tradition work
for the inversion-effect literature but does not engage with the model itself, even though it is
the field standard.

The inversion result, while empirically striking, has a simpler interpretation than the one
offered. Inversion makes viewpoint-invariant body computation fail because the underlying
machinery is tuned to upright body statistics. A weaker representation produces a weaker
dRSA signature at every lag, including the leading edge - no appeal to priors in the active-
inference sense is required. The view-dependent enhancement under inversion fits this
reading naturally: when viewpoint abstraction fails, processing falls back to viewpoint-
specific representations that remain extractable. The manuscript implicitly acknowledges
this when it states that "predictions were channeled to the level at which prediction was still
possible,” but does not notice that this concession softens the strong predictive-coding
inference.

The scrambling result is internally awkward on the predictive-coding framing. The paper
acknowledges that pixelwise motion prediction should, in principle, survive 200-500 ms
scrambled segments (typical latency around 150 ms) but reports that it does not. The
proposed save - that segments are "too short to start up prediction" - undercuts the
framework, since by the same logic, most of normal viewing would also be pre-prediction. A
cleaner reading is that scrambling destroys the temporal autocorrelation of stimulus features,
which is the prerequisite both for nonlinear-summation neural responses to produce leading-
edge representations and for SR-style associative retrieval to operate.

A further concern is that the experimental design and analysis pipeline are structurally
biased toward producing the cleanest possible predictive signature. The 14 stimuli are
repeated extensively, and trials are averaged across repetitions before dRSA is computed,
filtering out exactly the variability that would distinguish online prediction from amortized
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retrieval. The 2023 paper reports a control comparing the first and last thirds of the
experiment, but this test is in the post-saturation regime for any plausible associative-
learning rate and does not actually adjudicate the question. A first-exposure or first-run
analysis would be diagnostic. Finally, the behavioral task changed between the 2023 paper
and the present manuscript. The earlier paradigm asked participants to recognize the current
motion ("arms moving up?"), while the present paradigm asks participants to judge whether
an occluded video continues correctly. The latter explicitly demands prediction. This change
transforms the experimental context from naturalistic viewing into one that actively
incentivizes predictive engagement, potentially inflating the very signatures the paper
interprets as spontaneous prediction.

The 2023 Nature Communications paper actually navigated these interpretive questions more
carefully than the present manuscript does, explicitly stating that the approach "does not
provide conclusive evidence for predictive processing/coding theory but leaves the door open
for related theories such as adaptive resonance or Bayesian inference without predictive
coding." The current manuscript would benefit from restoring that epistemic discipline. The
data and methods are valuable; the interpretive frame is overstated relative to what the
evidence supports.

Impact and utility

The dataset and dRSA framework are useful contributions to the study of neural
representation of dynamic stimuli, and the inversion and scrambling conditions open
productive lines of inquiry. The interpretive over-commitment to predictive processing risks
limiting the paper's reach into adjacent literatures - temporal integration, successor
representations, template-matching biological motion models, encoding-model approaches -
where the findings could land productively. With a more pluralistic interpretive frame, this
work would speak to a substantially broader audience and connect more naturally with
existing mechanistic accounts of dynamic visual processing.

https://doi.org/10.7554/eLife.111118.1.sa2

Reviewer #2 (Public review):

Summary:

In this manuscript, de Vries and colleagues apply successful probabilistic inference and
predictive coding frameworks to the question of biological motion perception. In contrast to
most studies of predictive processing in humans, which rely on the presentation of discrete
events, they instead aimed to track continuous predictions in the context of more naturalistic
inputs such as biological motion. In these settings, the authors have previously demonstrated
an inverted temporal hierarchy of prediction whereby high-level movement features (e.g.,
view-invariant body motion) are predicted earlier than lower-level ones (e.g., pixelwise
motion). The specific question they set out to address in this manuscript is whether these
predictions derive from prior beliefs about the biological and physical organization of
biological movements versus the local extrapolation of motion from past observations.

The authors used anatomical MRI-driven source reconstruction of MEG activity recorded
from human participants watching either normal, vertically-mirrored, or temporally
scrambled movies. They then aimed to correlate activity in preselected ROIs with summary
representations of these movies based on different visual features at 3 different hierarchical
levels using RSA. Doing so, they could confirm that predictive processes could be identified
prior to the change in the stimulus and organized anatomically along the visual cortical
hierarchy. Critically, they report that mirrored movies selectively disrupted the highest
processing level while the lowest level remained largely unaffected. Interestingly, the
predictions at the intermediate level were boosted in mirrored movies, suggesting a possible
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channeling of predictions at this level when highest-level predictions are unavailable. Finally,
disrupting all predictive aspects with the scrambled movies entirely abolished predictions at
all levels, with signals mainly reflecting reactive bottom-up processing of inputs.

In sum, biological motion perception relies on a tight coordination of multi-level predictions
based on both motion-related holistic and kinematics priors.

Strengths:

Overall, this is a very strong manuscript, with the text being clearly written. I liked the fact
that the authors not only compared responses to normal videos against the same videos
flipped upside-down, but also to temporal piecewise scrambling of that same video, allowing
to identify the respective roles of holistic motion priors vs. temporal predictions. Of course,
more work is needed to tease apart what key quantities are represented in these holistic
priors. For now, the authors argue that they likely combine prior beliefs about the biological
organization of bodies, such as the likely angle of joint movements, and about the physics of
reality, such as gravity. Further work teasing apart these aspects would be interesting to read!

All analyses seem well executed and, while some aspects of the presentation of results could
be slightly improved (see below), the manuscript is very clear and the conclusions are
supported by the data. Finally, I liked the words of caution the authors added to the
discussion. For instance, while they largely used negative vs. positive latency as a proxy for
top-down vs. bottom-up processing respectively throughout the manuscript, they also
accurately acknowledge that predictive computations could also modulate processes at
positive lags, through, for instance, latency modulation.

Weaknesses:

The main aspect of the work I was left to struggle with is this idea that priors can be read out
directly from large patterns of activity rates as measured with MEG. While some past
experimental work does support this view, theoretical proposals also suggest that one benefit
of predictive coding lies in its computational and energy-efficient properties, whereby only
novel, unpredicted aspects are encoded in the rate of neural activity. Some other research
lines, for instance, focusing on silent working memory, also report the brain's ability to store
important computations in ways that are not reflected in costly increases in overall activity.
The authors do not really unpack why they expect to see predictions to be encoded in such a
way in the first place. They also do not discuss what that implies in terms of neural
organization and whether other aspects of neural activity (e.g., oscillations, synaptic weights)
could subtend predictive processing in this context. At the end of the day, this activity change
is clearly there in the data, so that's totally fine to interpret that; it just would be helpful to
unpack what such an implementation of prior beliefs would imply in terms of neural
organization.

The other weakness point I see is the little consideration for behavior throughout the paper.
Behavior is indeed mostly treated as a negative control, ensuring that differences between
conditions at the neural level do not follow from different behavioral strategies or other
peripheral factors. Critically, task design nicely incorporates two types of tasks: one that is
related to motion (occlusion of movement) and one that's independent of it (color change of
fixation cross). Yet, these conditions are not directly compared at the neural level. It would be
useful to see whether the neural signatures of prediction are largely independent from the
ongoing task or whether behavior gates the types of priors and prediction processes that are
applied to incoming sensory inputs. Moreover, the text says that "neither in accuracy nor in
reaction time was there a significant difference between conditions", yet significance stars in
Figure 1d seem to suggest there is a difference in the fixation cross task. What am I missing?
If there is indeed a difference in overall performance, can the results (esp. the reduced dRSA
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correlation strength in normal < inverted < scrambled movie) be interpreted in terms of a
multi-tasking cognitive cost?

I also have some other minor questions and comments:

(1) In this task situation, prediction does not only come in the continuous domain but also
relies on a mental simulation model, in particular in the occlusion task. However,
corresponding literature, notably the work by Shepard & Metzler (1971) on mental rotation
(as well as follow-ups), is not mentioned here, I believe. Could the authors perhaps mention
this if they think that's relevant (if not, feel free to ignore).

(2) I'm concerned that the novelty of dynamic RSA as explained at lines 56-64 might appear
slightly exaggerated. After all, isn't it just a generalization of matrix correlation in model and
brain time domains? (Again, feel free to ignore if I misunderstood.)

(3) How do authors explain that high-level motion prediction is still significantly larger than
zeros (correct?) in the inverted movie condition? Shouldn't it be entirely abolished?

https://doi.org/10.7554/eLife.111118.1.sa1

Reviewer #3 (Public review):

Summary:

The authors investigate whether the brain's predictive representation of observed biological
motion depends on holistic priors about body structure or on kinematic priors about motion
continuity. The manuscript applies dynamic representational similarity analysis to MEG data
from a large number of participants viewing ballet sequences under three conditions:
normal, upside-down inverted, and temporally scrambled into short epochs.

Strengths:

The study reports that inversion selectively attenuates predictions of view-invariant body
motion and enhances predictions of view-dependent body motion, while leaving low-level
pixel-wise motion prediction unaffected. Further, scrambling eliminates predictive motion
representations at every level and instead produces stronger post-stimulus representations of
body posture, with view-invariant posture also delayed. The pattern across the two
manipulations is internally consistent, holds across both peak magnitude and peak latency
measures, and is also supported by a neural-to-neural dynamic representational similarity
analysis (dRSA) analysis between normal and inverted conditions. The principal component
regression pipeline is validated through simulations showing that it recovers the model of
interest while suppressing covarying models. In particular, the inversion result provides
strong evidence that high-level predictions of biological motion depend on holistic priors
while predictions at lower levels do not, and the finding that disruption at the top of the
hierarchy does not propagate down is informative for predictive processing accounts that
assume a more cascading architecture.

Weaknesses:

The interpretation of the scrambling result is the main caveat of the manuscript. The claim
that low-level motion prediction depends on kinematic continuity rests on the absence of
pixelwise motion prediction in the scrambled condition, but the 200 to 500-ms segments may
not be sufficient for prediction to develop, as the authors also point out. Without a parametric
manipulation of segment length, it is difficult to distinguish a genuine dependence on
kinematic priors from a floor. The interpretation of increased post-stimulus posture
representations as prediction errors is also somewhat indirect, since a positive latency does
not rule out potential top-down modulation/factor.
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