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Motion provides a powerful sensory cue for segmenting a visual scene into objects and inferring 
the causal relationships between objects. Fundamental mechanisms involved in this process are 
the integration and segmentation of local motion signals. However, the computations that govern 
whether local motion signals are perceptually integrated or segmented remain unclear. Hierarchical 
Bayesian causal inference has recently been proposed as a model for these computations, yet a 
hallmark prediction of the model – its dependency on sensory uncertainty – has remained untested. 
We used a recently developed hierarchical stimulus configuration to measure how human subjects 
integrate or segment local motion signals while manipulating motion coherence to control sensory 
uncertainty. We found that (a) the perceptual transition from motion integration to segmentation 
shifts with sensory uncertainty, and (b) that perceptual variability is maximal around this transition 
point. Both findings were predicted by the model and challenge conventional interpretations of motion 
repulsion effects.

Visual motion is a rich source of information, not only for determining the movement of objects in the world 
but also for segmenting the visual scene and grouping together objects based on shared components of motion. 
This elementary set of operations, known as motion integration/segmentation, has been extensively studied 
since the time of Gestalt psychologists1. Integration and segmentation are often conflicting computations2 that 
depend on the similarity of noisy local motion signals. To enhance signal-to-noise ratio and form coherent 
global motion percepts, the visual system typically integrates local motion signals that have similar velocity 
vectors3,4. However, this conflicts with the visual system’s need to highlight the relative motions of disparate 
local velocity signals, in order to segment object boundaries in a scene5. Balancing the competing demands of 
integration vs. segmentation is a challenging problem that is not unique to motion perception2,6–8. Despite the 
longstanding recognition of these issues, the computations that govern the brain’s transition from integrating 
local motion signals to segmenting them remain unclear.

An important example demonstrating the conflicting demands of motion integration and segmentation 
involves motion transparency. In a typical motion transparency display, two spatially overlapping sets of random 
dots move with different velocities9–13. When the direction difference is moderate (e.g., 10–30 deg), observers 
tend to overestimate the difference in direction between the two dot patterns, a phenomenon known as motion 
repulsion9,10,13,14. This repulsion is not restricted to spatially overlapping stimuli, but also occurs for center-
surround stimuli15,16. Previous psychophysical experiments have demonstrated how direction repulsion depends 
on stimulus factors such as contrast, speed, eccentricity, stimulus duration, surrounding motion direction, 
center-surround gap width, and motion noise4,5,13,15,17–22. In contrast, when the direction difference between 
two moving stimuli becomes very small, they may be perceptually integrated into a single moving percept, thus 
producing an attractive bias between stimuli23,24. Importantly, a few studies18,20,22–24 have observed a transition 
from motion integration (attractive bias) to motion segmentation (repulsive bias) as the difference in direction 
between two stimuli varies. However, none of these studies have quantified the effect of sensory uncertainty on 
the transition point from motion integration to segmentation, nor have they provided a computational account 
of this transition. Thus, the computational processes that govern the transition from integration to segmentation 
remain largely unknown.

Computationally, various models have been proposed to explain the direction repulsion effect associated 
with segmentation25–27. For instance, Dakin & Mareschal27 suggested a functional model of motion repulsion 
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based on Johansson’s hypothesis that the perception of motion is relative to reference frames that are dynamically 
constructed by the brain28. However, none of these models offer a normative framework that predicts the 
transition from integration to segmentation.

More recently, Bayesian causal inference (CI) has been proposed as a computation by which the visual 
system infers the most likely hierarchical motion structures observed in the environment29–31, or samples from 
a posterior distribution over these structures32. Each of these models assumes that the brain tries to compute 
motion of an object (e.g., one’s hand) relative to the motion of other parts (e.g., the arm, the body), such that 
motion is represented hierarchically. Performing inference on the motion inputs in these models consists of 
two key steps: first, decide whether to integrate or segment different visual elements based on their motion; 
second, infer the causal relationships between the segmented elements. Yang et al.29 psychophysically tested the 
second step. Shivkumar et al.32 tested both the first and the second step, however, without varying the sensory 
uncertainty of the motion cues. This leaves a key signature of Bayesian computations untested: their dependence 
on stimulus uncertainty.

The goal of this study was to fill this important gap by deriving, and testing, the predictions of Bayesian 
causal inference as a function of stimulus uncertainty. We first show that Shivkumar et al.’s32 model predicts 
a shift in the perceptual transition point from integration to segmentation as sensory uncertainty increases, 
together with a corresponding shift in the peak of perceptual variability. We then report new psychophysical 
data collected by leveraging a recently proposed 3-patch stimulus configuration32 that facilitates measurement of 
the transition between motion integration and segmentation, while manipulating motion coherence to control 
sensory uncertainty. Our findings agree with the predictions of the Bayesian model, supporting the hypothesis 
that causal inference computations govern whether two motion stimuli are integrated or segmented by the visual 
system.

Results
Our paper will proceed as follows. First, we describe the task and stimulus design that allow for a precise 
measurement of the transition from integration to segmentation. Second, we derive new Bayesian causal 
inference predictions for the data from this task. Finally, we present new empirical data from this task and 
compare them to model predictions.

Task and prior empirical results
Distinguishing between motion integration and motion segmentation using a stimulus that consists of only 
two moving elements suffers from a fundamental problem: for small differences in motion direction, when 
integration is most likely to occur, the integration predictions are almost indistinguishable from the case when 
the perceptual report is based on local retinal motion alone. We therefore performed our measurements using a 
recently developed stimulus consisting of three moving parts in which integration, segmentation, and absence 
of any interaction all predict substantially different percepts32.

The stimulus was composed of a central patch of green moving dots (the target) encircled by two concentric 
rings of red and blue moving dots, as depicted in Fig. 1A. The dots within the center patch and each of the 
surrounding rings moved coherently but motion velocity varied across the three components (see Methods for 
details of stimulus design). The relative motion direction between the center and the inner ring ( ∆ ϕ  in Fig. 1A) 
was varied across trials. Participants were instructed to maintain fixation on a dot at the center of the display and 
then report their perceived direction of the center patch by using a dial to match an arrow cue with their percept 
(Fig. 1B). Importantly, the horizontal component of all three velocities was matched, and the center velocity was 
intermediate to that of the surrounding rings. As a result, the relative motion of the center with respect to the 
inner ring was always in the direction of + 90° (upward, Fig. 1C), and the relative motion of both center and 
inner ring with respect to the outer ring was − 90° (downward, Fig. 1C). The experimental findings of Shivkumar 
et al.32 (Fig. 1D) show a clear negative bias (towards − 90°) for small ∆ ϕ  as expected by an integration of center 
and inner ring, and referencing the motion of both to the outer ring. For large ∆ ϕ , there is a clear positive bias 
(towards 90°) as predicted by a segmentation of the center from the inner ring, and referencing the motion of 
the center to the inner ring.

This stimulus design, which yields a clear perceptual transition from integration to segmentation, is ideally 
suited to test one of the hallmarks of Bayesian computations—the dependence of this transition on stimulus 
uncertainty. We extended this stimulus design by manipulating motion coherence to control sensory uncertainty. 
Specifically, we employed a Brownian motion algorithm33 to generate random-dot motion stimuli. This method 
enabled us to manipulate motion uncertainty exclusively based on the distribution of dot directions while 
keeping dot speeds constant (for details, see Methods). Participants indicated their perceived motion direction 
of the center stimulus under three motion coherence levels: 100%, 50%, and 33%. The motion coherence of both 
the center patch and the surrounding rings of dots was manipulated simultaneously.

Model predictions for uncertainty dependence
While it is intuitive that increasing stimulus uncertainty should expand the range of motion directions over 
which the center stimulus is integrated with the surround, thereby shifting the transition point from integration 
to segmentation to larger ∆ ϕ , exactly how that will manifest itself in perception is unclear in the absence of 
a quantitative model. We used the causal inference model detailed in Shivkumar et al.32 to make quantitative 
predictions for our stimulus involving three moving groups of dots (Fig. 1A). Since making exact predictions 
using all possible motion structures is computationally very expensive for our stimulus, we used the 44 principal 
structures identified by Shivkumar et al.32 to make predictions for different levels of uncertainty. The reference 
frame velocity inferred in these principal structures coincided with the velocity of either the center patch, inner 
ring, or outer ring (see three examples in Fig. 2). We next grouped these structures into five groups based on the 
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behavioral responses they imply, and any observed responses correspond to linear combinations between them. 
Finally, we generate model predictions by sampling from a wide range of plausible parameters (see Methods for 
details).

Figure  3A shows the perceived motion directions predicted by each of the three main groups of causal 
structures. Group 1 (orange) consists of structures that all predict a perceptual bias of + 90°. In these structures 
the inner ring forms the reference frame in which the center velocity is perceived (Fig. 2C). Using plausible 
parameters32 (Table 1, supplementary materials), we computed the probability of inferring a structure belonging 
to this group (Fig. 3B). The probability increases with ∆ ϕ  as expected for groups in which the center is perceived 
moving relative to the inner ring. The probability then peaks and then decreases slightly for larger ∆ ϕ  because, 
at larger disparities, the slow speed component of the mixture prior over velocity favors the structures belonging 
to Group 2 (Figure S1D). Group 2 (green in Fig. 3A, predicted percept of 0°) includes structures in which each 
group is perceived independently, or the center forms the reference frame in which other elements are perceived 
(Fig. 2B and S1D). Structures in Group 3 include those in which the outer group forms the reference frame; they 
predict a perceptual bias of -90° (Fig. 2A, D). Figure 3C shows that the probability of structures in Group 3 (red 
in Fig. 3A) decreases as ∆ ϕ  increases. The outer ring forms the reference frame primarily when center and 
inner ring are perceived to move together, since otherwise the center is more likely to be perceived relative to the 
inner ring. This is most likely when the difference between the center and inner ring velocities is small. In the 
supplementary material (Figure S1) and in Shivkumar et al. (2023)32, we provide the total posterior probabilities 
of additional principal causal structures potentially explaining the stimulus. Importantly, consistently across 
all groups of structures, posterior probability as a function of difference between center and inner ring shifts 
rightward with increase in uncertainty.

The predictions in Fig. 3B-C and Figure S1 are computed using the previously described distributions over 
parameters32. To capture the actual pattern seen in the observer responses, we would need to fit the model to 
data, which is outside the scope of this paper. However, to gain an understanding of the percepts predicted by 
the model, we generated data for 1000 synthetic observers by sampling from a wide range of plausible parameter 
values (see Methods). Figure 3D and E show the results from 200 such “synthetic observers” (randomly chosen 
from the 1000 simulated values). These synthetic observers were constrained to have a transition point less 
than 45 degrees for the highest uncertainty, to produce responses that are broadly similar to those of human 
observers. Since the average predicted perceptual reports can be approximated as a linear combination of the 
predicted reports for each structure, weighted by the posterior mass of each structure, we can predict that the 
transition from integration to segmentation in the data will shift to the right with increasing sensory uncertainty. 
We quantify this shift by defining a transition point parameter that corresponds to the ∆ ϕ  value at which 

Fig. 1.  Stimulus, task, and previous behavioral results. (A) Stimulus schematic. The relative motion direction 
between the center and inner ring is represented by ∆ ϕ . (B) Task design: observers view the stimulus for 
a period of 2s and then use a dial to adjust an arrow to match their perceived direction of the center (green) 
patch. (C) Reference frames. The dashed orange line corresponds to the relative motion of the (green) center 
computed with respect to the (blue) outer ring (left), and with respect to the (red) inner ring (right). (D) 
Behavioral results from Shivkumar et al.32 show a clear transition from integration to segmentation as ∆ ϕ  
increases.
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average reports change from negative (integration) to positive (segmentation) values (Fig.  1D). Across 200 
randomly sampled synthetic observers, we find that most, but not all (189 out of 200), synthetic observers behave 
as expected from intuition (Fig. 3D).

Furthermore, in a simpler experiment involving only center and inner ring, but no outer ring, Shivkumar et 
al.32 found that the variability of measured behavioral responses generally peaked around the transition point 
from integration to segmentation. The reason for this is the fact that perceptual variability is primarily driven 
by uncertainty about the correct causal structure, and at the transition from integration to segmentation the 
uncertainty about the corresponding two causal structures is largest. Making a similarly simple qualitative 
prediction in our three-part stimulus with five potential percepts (Figure S1) is not possible, but our model 
simulations using plausible parameters also predict an inverted U-shape for the dependence of response 
variability on relative direction, with the location of peak variability shifting with motion coherence like the 
transition point for 139 out of 200 synthetic observers, Fig. 3E).

Experimental results
Having established a range of quantitative predictions from the Bayesian causal inference model, we now 
examine how sensory uncertainty modulates human perception. The behavioral reports of two representative 
observers are depicted in Fig.  4A and B, respectively. Several key points emerge from these plots. First, the 
data clearly replicate the main empirical findings of Shivkumar et al.32: a transition from integration-dominated 
responses for small ∆ ϕ  to segmentation-dominated responses at large ∆ ϕ , as well as an increase in response 
variability at intermediate values of ∆ ϕ . Critically, when comparing responses for 100% motion coherence 
(low uncertainty) with those for 50% and 33% coherence (high uncertainty), we find that the transition from 
integration to segmentation shifts towards larger relative directions, as predicted by the model (Fig.  3D). 
This effect can be seen for both example observers in Fig. 4 by examining the relative direction at which the 

Fig. 2.  Causal structures giving rise to the three primary potential percepts (A) Upper part: velocities of 
moving stimulus elements. Lower part: implied relative velocities between different stimulus elements. Arrow 
colors are matched to the colors of the variables in the generative models in panels B-D. (B-D) Example 
generative models that imply no (B), positive (C), and negative (D) perceptual biases. v denotes inferred 
(latent) velocities while o represents velocities actually observed by the retina. Variables in black are inferred 
to be zero (stationary), while other colors represent non-zero velocities. More details about the model can be 
found in Shivkumar et al.32.
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psychometric fit crosses the horizontal dashed lines. Second, the distributions of responses are widest around 
the transition point from motion integration to segmentation, and this point of maximum variability shifts with 
coherence. This finding aligns with the second prediction of the model (Fig. 3E). Third, the overall variability in 
responses increases with motion uncertainty, as indicated by the generally broader distributions of data at lower 
motion coherence levels. Finally, note that the responses of the observer in Fig. 4A exhibit a bimodal distribution 
near the transition point, whereas the responses of the observer in Fig. 4B show a more unimodal distribution. 
This observation suggests that observers may employ different decision strategies during the experiment32.

Figure 5A summarizes the shifts of the psychometric function with coherence across our sample of eleven 
participants. Thick lines represent the mean responses across observers for each of the three levels of motion 
coherence. The plot reveals a rightward shift in the transition point from integration to segmentation with 
increasing motion uncertainty, as predicted by our model. We fit a sigmoidal function to the responses from 
each observer (Methods) in order to compute an observer-specific transition point. As predicted, these transition 
points decrease with increasing coherence (Fig. 5B), an effect that is highly significant at the population level 
(33% vs. 100%, t (10) = 8.9, p = 2.4× 10−6, one-tailed t-test; 33% vs. 50%, t (10) = 4.5, p = 5.8× 10−4,

Fig. 3.  Effects of sensory uncertainty on model predictions. (A) Three percepts implied by the principle 
causal structures potentially explaining the stimulus. (B) Total posterior probability over all causal structures 
that are part of Group 1 (predicting a percept of 90°). The probability increases with ∆ ϕ , before peaking 
and slightly decreasing at larger values. The curve shifts to the right with an increase in uncertainty. (C) Total 
posterior probability over all causal structures that are part of Group 3 (predicting a percept of -90°). The 
probability decreases with increasing ∆ ϕ  and the curve also shifts to the right with an increase in uncertainty. 
(D) Change in transition point from integration to segmentation as a function of uncertainty predicted by 
the model with the same parameters used in (B,C) (thick black line). Thin lines show predictions made with 
parameters widely sampled around those used in (B,C). While the transition point decreases with decrease in 
uncertainty (greater motion coherence) for the majority of parameter samples (65%), some parameters also 
result in a non-monotonic trend (characterized in legend). (E) Same as (D) but plotting the change in point of 
maximum variability as a function of uncertainty.
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Fig. 5.  Transition points shift with motion uncertainty. (A) Large data points and thick curves represent 
the average response of observers (N = 11) as a function of relative direction between center patch and inner 
ring, for each of the three motion coherence levels. The individual participants’ performances are displayed in 
faded colors in the background. Error bars represent SEM. (B) The black symbols and line depict the average 
transition point across observers as a function of motion coherence, with error bars representing SEM. The 
lighter colored lines show the median transition point derived from bootstrapped samples (n = 1000) of 
individual participants, accompanied by 68% confidence intervals. Statistical significance was evaluated using a 
one-tailed paired t-test.

 

Fig. 4.  Behavioral responses of two representative observers. The x-axis represents the relative direction 
between the center and inner ring, while the y-axis indicates the reported center direction minus the retinal 
center direction. Each dot represents the report from a single trial. The response distribution obtained at 
each relative direction is visualized using a violin plot, and the fitted psychometric curve is displayed in each 
panel. Each column (and color) corresponds to a motion coherence level (100%, 50%, 33%) (A) Example of 
an observer showing bimodality in the distribution of responses near the transition point from integration 
to segmentation. (B) Representative observer showing unimodal distributions of responses across coherence 
levels, but increased variance of reports for intermediate relative directions.
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one-tailed; 50% vs. 100%, t (10) = 5.6, p = 9.1× 10−5, one-tailed). Furthermore, it is individually significant 
(p < 0.05) for all observers for the 33% vs. 100% condition and 10 out of 11 observers for the 50% vs. 100% and 
33% vs. 50% conditions, respectively.

We next test the second prediction of our model, the dependence of response variability on the relative 
direction between center and inner ring, Δφ. Since reported direction values reflect a circular variable, we 
quantify their variability using the concentration parameter of a Von Mises distribution, κ  (fit jointly with their 
mean, see Methods). Under the assumption of equal motor variability across directions (the orientation of our 
entire stimulus display is randomized between zero and 360°), 1/ κ  is directly related to perceptual variability as 
represented in our model.

The model predicts an inverted U-shape for the dependence of perceptual variability on motion coherence. 
Figure 6A shows this relationship for the empirical data, averaged across the population of participants. The 
curves exhibit the expected inverted U-shape for each coherence value, indicating that variability peaks at 
intermediate relative directions. Additionally, the peak in perceptual variability shifts rightwards toward larger 
relative directions with increases in motion uncertainty, as demonstrated by a statistically significant difference 
in the peak locations between the results at 100% vs. 33% coherence ( t (10) = 2.6, p = 0.013, one-tailed t-test) 
and 50% vs. 33% coherence ( t (10) = 2.2, p = 0.024,one-tailed).

Fig. 6.  Perceptual variability is greatest at intermediate relative directions and shifts with coherence. (A) The 
relationship between perceptual variability and relative direction exhibits an inverted U-shape as predicted 
by the model. Shading represents SEM. (B) Scatter plot showing the relationship between the transition point 
(from integration to segmentation) and the location of maximum perceptual variability. Each dot represents 
the median value obtained from bootstrapped samples for an individual observer at the three coherence levels 
(denoted by different colors). Error bars correspond to 68% confidence intervals. (C) Scatter plot showing 
the same measurements as in panel B, but connecting the data of each observer across coherence levels. Each 
color represents an individual observer, and the symbol shapes represent different coherence values. (D) 
Relationship between the transition point and the location of maximum perceptual variability, as predicted by 
the model. Each synthetic observer is colored based on how the location of maximum perceptual variability 
changes with increase in uncertainty: (i) increasing (black; ~68% of observers), (ii) convex (pink, ~ 11% of 
observers), (iii) concave (orange, ~ 20% of observers), (iv) non-increasing (purple, ~ 0.2% of observers). The 
thick lines show the average across predictions for each type.
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Given that both the transition point from integration to segmentation and the peak response variability 
change with motion coherence, we examined whether these two measures are correlated, as expected from the 
model. We performed this analysis in three different ways: across all data, across all observers after accounting 
for coherence level, and across coherence levels after accounting for inter-subject differences. Each data point in 
Fig. 6B represents the median values of transition point and peak variability for one subject, as obtained from 
bootstrapping observer reports. We performed a robust regression analysis to examine the correlation between 
locations of transition point and peak variability, pooling across observers and coherence levels, while accounting 
for potential outliers in the data. This yielded a statistically significant correlation between the location of 
maximum variability and the transition point ( F (1,31) = 42, p = 2.9× 10−7, r = 0.76). To examine whether 
this relationship held while accounting for variability across observers, we performed an analysis of covariance 
(ANCOVA) using subject ID as an ordinal covariate. We again found a significant correlation between transition 
point and location of peak variability (ANCOVA, F (1,11) = 9.0, p = 0.012), indicating that the effect holds 
while accounting for variation across observers. While most individual observers show a positive correlation 
between these variables, a couple of observers were clear outliers (Fig. 6C). To examine whether this relationship 
was also found within coherence levels, we again performed ANCOVA but with coherence as an ordinal covariate 
instead of subject ID. In this case, we did not find a significant correlation between transition point and location 
of peak variability (ANCOVA, F (1,27) = 2.4, p = 0.13), indicating that the overall correlation is driven mainly 
by covariation across coherence levels, as predicted by the model, not by differences between observers.

The substantial heterogeneity in the data (Fig. 6C) initially surprised us given the model predictions of Fig. 3D, 
E. We therefore analyzed the relationship between transition point and location of peak response variability in 
data predicted by the model for our synthetic observers. Interestingly, we also found substantial variability in 
the model predictions that qualitatively matched the heterogeneity among human observers (Fig. 6D). While 
most synthetic observers showed a simple positive correlation between transition point and location of peak 
variability, a substantial minority of synthetic observers (~ 31%) showed more complex relationships (Fig. 6D). 
Furthermore, when the transition point in the synthetic data deviated from the peak of variability, the empirical 
data agreed with the model predictions in that the transition point occurred at smaller Δφ than the peak in 
variability for most observers (most points lie below the diagonal in Fig. 6C + D).

Although a quantitative model fit was not feasible due to the combinatorial complexity of potential causal 
structures (see Shivkumar et al., 202332), we can still offer some insights into the observed heterogeneity in 
the empirical data. Inter-subject differences in sensory noise likely explain variations in the transition from 
integration to segmentation, while individual biases in causal inference—specifically, the probability of perceiving 
the center dots as being part of the same causal structure as surrounding dots—likely account for variability 
in bias magnitude across relative directions (Δφ). For instance, the bias at the smallest relative directions will 
be large if the prior to infer center (and inner ring) as part of the same causal structure as the outer ring is 
large, while the bias at the largest relative directions will be greatest when the probability to infer the center as 
part of the same causal structure as the inner ring is largest. Together, our findings provide strong support for 
the hierarchical Bayesian CI model while underscoring the role of individual variations in driving perceptual 
differences.

Discussion
Our results provide critical new evidence that Bayesian Causal Inference describes the brain’s computations 
underlying motion integration and segmentation. Making use of a recently-developed stimulus32 that allows 
us to clearly differentiate between integration and segmentation processes, we found strong evidence for key 
predictions of a recently proposed hierarchical Bayesian causal inference model32: (1) the transition point from 
motion integration to segmentation shifts as a function of sensory uncertainty, and (2) the point of maximum 
perceptual variability shifts correspondingly with uncertainty. Interestingly, the data revealed complexities in 
the relationship between transition point and peak variability across observers; while counter to our original 
intuitions, these complexities could be explained by specific parameter regimes of the model, further supporting 
our quantitative framework. Traditional explanations of motion integration and segmentation suggest that these 
phenomena result from competitive interactions between the neural representations of local motion signals in the 
visual system2. The present work reframes these traditional interpretations and provides a normative framework 
for predicting how the brain switches from integrating to segmenting nearby motion stimuli depending on its 
inferences about the causal structures underlying the sensory inputs.

Our study offers an alternative interpretation for motion repulsion effects. Conventionally, motion 
repulsion has been interpreted as a perceptual ‘error’ arising from inhibitory interactions between direction-
tuned neurons with overlapping25–27 or non-overlapping receptive fields15,16. Another interpretation proposes 
that motion repulsion arises from the computation of relative motion with respect to a heuristically inferred 
reference frame27. Our result goes beyond these explanations by providing evidence for the hypothesis that 
motion attraction (integration) and repulsion (segmentation) effects result from inferences that observers make 
about how moving elements in a scene are causally linked. Thus, the observed attraction or repulsion effects 
are not perceptual errors but reflect the effects of an underlying computation that first infers the hierarchical 
reference frame structure in a scene and then computes the motion of elements relative to those frames. In our 
model, if motion elements in the display are not inferred by the subject to have any causal linkages, we should 
only observe veridical reports in a retinal reference frame (no repulsion or attraction effects). However, if the 
visual system computes the motion of objects relative to the reference frames (hierarchical structure) that it 
dynamically infers, then we should expect to observe perceptual biases (attraction or repulsion) in the data.

There are several advantages of our model over existing mechanistic explanations16,25,26 of motion repulsion. 
Our model is not limited to modeling the interactions between only two moving stimuli—it can predict 
motion integration-segmentation effects using more complex motion stimuli. Importantly, and contrary 
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to previous models, ours provides a normative framework for making quantitative predictions about how 
the brain functions under conditions of complex motion perception. This theoretical framework can inform 
the design of richer motion perception tasks and provide a framework for interpreting complex patterns of 
neurophysiological activity32. Our framework is not incompatible with mechanistic models aimed at explaining 
the neural mechanisms underlying motion perception tasks; it is a computational model (in Marr’s terms) and 
can serve to guide construction of models at the algorithmic (or neural) implementation level. In particular, it 
points to a key missing ingredient in existing mechanistic models like that by Dakin & Mareschal27: inferring the 
causal structure of the scene and making the computations of relative motion depend on that inference.

The present study addresses two key aspects regarding the transition from integration to segmentation in 
motion perception tasks that are largely missing in the literature: (1) how the transition point changes under 
conditions of sensory uncertainty, and (2) the absence of a model to explain this transition. For instance, Nawrot 
& Sekuler18 demonstrated spatial interactions between stripes of dots moving in one direction (biasing stripes) 
and stripes of dots moving in the opposite direction at different coherence levels (ambiguous stripes). They 
found that perception changes from integration (also known as assimilation) to segmentation (also known as 
contrast) as a function of stripe width. Similarly, Murakami & Shimojo20 used a center-surround configuration of 
same/opposite moving dots to show a shift in perceptual bias from integration to segmentation with increasing 
size of the center stimulus. Additionally, Braddick et al.23, using a transparent motion display composed of two 
sets of random-dot patches moving in different directions, observed a perceptual transition from integration 
at small angular differences between the moving components to segmentation at larger differences. Despite 
these observations, none of the aforementioned studies investigated how the perceptual transition depends on 
uncertainty or could predict when the transition should occur. Bridging this gap in the literature is important 
because understanding the dynamics of the transition from motion integration to segmentation is crucial for 
elucidating the underlying neural mechanisms mediating these processes and for informing the design and 
constraints of future models at the neural circuit level.

Gaudio and Huang22 reported that motion noise alters the directional interaction between transparently 
moving stimuli, shifting from repulsion to attraction. Some aspects of their findings are quite similar to ours. 
Specifically, they observed that small angular differences yielded attractive biases (integration) for low motion 
coherence and repulsive biases (segmentation) at high coherence. However, whereas we observed a transition 
from integration to segmentation with increasing angular difference even at the lowest motion coherence, Gaudio 
and Huang22 consistently found attractive biases at low coherence for a broad range of angular differences. 
Our work substantially extends that of Gaudio and Huang22 by providing quantitative model predictions for 
how perceptual reports should depend on both angular difference ( ∆ ϕ ) and sensory uncertainty, as well as 
examining the variance of perceptual reports.

A novel finding and prediction of our study concerns the correlation between the transition point and the 
location of peak response variability. In the literature, measurements of response variability in motion integration 
vs. segmentation tasks have generally not been reported. The only exception, to our knowledge, is the study of 
Braddick et al.23, who reported participants’ response variability as a function of angular difference (see their 
Fig. 3a). Their data may show a maximum in response variability for intermediate angular differences, but they 
did not provide any quantitative analysis to establish such a maximum. Our findings extend previous work by 
showing that the well-defined peak in response variability shifts with sensory uncertainty, roughly following 
the shift of the transition point from integration to segmentation. In our modeling framework, this peak in 
variability reflects the observer’s uncertainty about whether to integrate or segment the motion signals, a clear 
signature of causal inference.

An important question is how our model’s predictions relate to neural representations. Although concrete 
neural predictions require specific assumptions about the relationship between the model’s posterior distributions 
and neural responses, one would expect neural responses to reflect perceptual biases if neural populations 
represent posterior distributions over perceived velocities or latents in our generative model. For example, in 
the context of optic flow-parsing34, a mechanism proposed for computing object motion during self-motion, 
perceptual biases arise as a result of the flow-parsing computations. A potential neural basis of this process has 
recently been described in macaque area MT at both the individual unit and population levels35. Moreover, we 
predict that under stimulus conditions for which perceptual variability is high, neural variability will also be 
higher-than-average36.

To summarize, our work sheds light on the longstanding problem of how the brain decides to integrate 
or segment motion signals. Our results support the hypothesis that Bayesian causal inference governs the 
computations by which the brain solves this problem. This study contributes to a growing body of work 
suggesting that Bayesian Causal Inference may be a “universal computation” in the brain37.

Methods
Participants
A total of fourteen participants took part in this study, consisting of nine males and six females. Eleven observers 
(5 males, 6 females) were naive to the purpose of the study. Three participants were excluded from further analysis 
due to not meeting the study’s exclusion criteria, as described below. All participants had normal or corrected-
to-normal vision. Prior to the experiment, each participant provided written consent, and compensation was 
provided for their participation. We confirm that all experimental procedures and methods adhered to the 
guidelines and regulations approved by the Office of Human Subject Protection (OHSP) at the University of 
Rochester. The OHSP grounds its ethical principles on the Declaration of Helsinki and its subsequent revisions, 
especially the Belmont Report.

Scientific Reports |        (2024) 14:27704 9| https://doi.org/10.1038/s41598-024-78820-6

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Apparatus
Observers viewed visual stimuli presented on an AORUS FO48U monitor. The stimulus was displayed at a 
resolution of 2048 × 1152 with a refresh rate of 60 Hz. At the viewing distance of 1.04 m, the display subtended 54 
by 32 deg of visual angle. Subjects’ heads were stabilized using a head/chin rest and eye movements were tracked 
using the Eyelink 1000 system. Stimuli were generated using MATLAB (MathWorks) and the Psychophysics 
toolbox38. The background luminance was set to 0.3 cd/m2 as measured with a Minolta (LS-110) luminance 
meter, and the room was darkened during experiments.

Experimental design
Stimuli

The visual stimulus consisted of a central patch of green moving dots surrounded by two concentric rings 
of red and blue moving dots (Fig. 1A). Since the stimuli were viewed eccentrically, different colors were used to 
help observers attend to the central target patch and report its direction. Each dot had a diameter of 0.1 degrees. 
A white fixation target with a diameter of 0.5 degrees was placed in the center of the screen. The stimulus was 
presented at an eccentricity of 5 degrees, measured from the center of the display to the center of the central 
patch. The number of dots in the center patch, inner ring, and outer ring were 10, 50, and 250, respectively. The 
center patch had a radius of 1 degree, while the inner and outer rings had an annular width of 1 degree with a 
0.5-degree gap between them. Hence, the entire 3-ring stimulus had a radius of 4 deg. The relative direction of 
motion between the central target and the inner ring was chosen from the set [-3.75, -7.5, -15, -30, -45, -60], 
where negative angles indicate clockwise rotation of the center patch relative to the inner ring. The outer ring 
always moved in a direction that was 60 degrees counterclockwise relative to the center patch. The center patch 
moved with a speed of 0.5 deg/s, which was selected to enhance the segmentation effect39. The center patch 
direction was randomly chosen from a uniform distribution that spanned 360 deg, to discourage any systematic 
reporting biases. The horizontal component of the outer ring, inner ring, and center patch velocities was set to be 
equal resulting in a -90 deg (downward) relative direction between the center and inner ring with respect to the 
outer ring, and a + 90 deg (upward) relative direction between the center patch and the inner ring.

Motion uncertainty
In this study, we varied motion coherence to manipulate sensory uncertainty and assess its effect on motion 

integration and segmentation. Specifically, we utilized a Brownian motion algorithm as the basis for generating 
the random-dot motion stimuli33. Random dot stimuli are commonly employed for investigating motion 
perception due to their flexibility in manipulating the strength of motion energy in specific directions and 
speeds. Additionally, random dot motion stimuli are often used to study the dorsal visual pathway, or “where” 
stream, as they lack coherent form cues. Unlike other random dot motion algorithms (e.g., white noise40), in 
which noise dots are assigned random directions and speeds in each frame, Brownian motion moves all dots at 
the same speed33. Therefore, in Brownian motion, only the direction of the noise dots changes randomly from 
frame to frame. This allows us to manipulate motion uncertainty based solely on direction, without altering 
the speed of the dots. In each trial of the experiment, we simultaneously manipulated the motion coherence of 
the center patch and the surrounding rings using three levels of coherence: 100%, 50%, and 33%. We initially 
explored the use of stimulus contrast as an uncertainty variable, but the observed effects were weak. Given that 
reducing contrast introduces other forms of uncertainty (e.g., stimulus presence, location), we focused on the 
coherence manipulation as a means to selectively manipulate uncertainty about direction of motion.

Task procedure
The task schematic for this study is depicted in Fig. 1B. At the onset of each trial, a fixation dot appeared 

for 0.5 s at the center of the display. Participants (N = 11) were instructed to maintain their gaze on the fixation 
target and direct their attention towards the green center patch (target stimulus, 

−
v
center

). After a two-second 
presentation of the random-dot stimulus, participants performed a motion estimation task by indicating their 
perceived direction of motion for 

−
v
target

. Participants were given a maximum of 3.5  s to make their report 
before the next trial began. They used a rotating dial to adjust the direction of an arrow cue (Fig. 1B) to match 
their perceived direction of the central green patch; they subsequently pressed a key on a keypad to finalize their 
response.

Within each experimental session, all combinations of relative motion directions and coherence levels were 
randomly interleaved across trials. Additionally, we included a control condition in which the surrounding 
rings’ dots moved randomly (0% coherence), and only the center patch moved at one of the selected motion 
coherence levels (33%, 50%, or 100%). Each observer took part in five experimental sessions, totaling 1260 trials 
per participant. Each session took approximately 1 h to complete. All trials were recorded, and any trials for 
which eye position fell outside of a 2.5-degree radius from the fixation point were discarded (4.88–10.26% of 
trials across all observers). Furthermore, participants whose performance at the lowest motion uncertainty level 
(100% coherence) exhibited a circular variance greater than 0.5 across the experimental conditions were not 
included in subsequent analyses (3 out of 14; see Figure S4).

Model description
The causal inference model detailed in Shivkumar et al.32 was applied to the stimulus in Fig. 1A, which had 3 
groups of moving dots. The causal inference model consisted of a repeated motif that groups the velocities of 
different elements moving on the screen. The groups formed the reference frame in which the velocity of each 
element is inferred. The motif was a generative model in which the retinal velocity of each element was the sum 
of the group velocity that the element belongs to and the relative velocity to the group velocity. The prior over 
relative velocity was a mixture of a delta function centered at zero and a zero mean Gaussian distribution. Such 
a prior naturally transitions between inferring every element as either being stationary relative to the group, i.e. 
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forming the group, or moving in the group’s reference frame. The motif was applied to all possible groupings of 
the three elements forming different possible structures. The full causal inference model inferred the posterior 
probability over structures, which was then used to weight the probability over the velocities inferred under each 
structure. Figure 2 showcases three example generative models from three types of causal structures.

While having 3 different groups of dots results in 512 possible structures32, for tractability and ease of 
interpretation we restricted the structures examined to those in which one of the relative velocities was zero32. 
These principal structures predict 3 possible percepts that are shown in Fig. 3A.

This simplified model has 13 parameters (see32 for more details) which are: (a) the three sensory uncertainties 
associated with each velocity (3 parameters), (b) the computational noise at each level of the hierarchy in the 
model (1 parameter), (c) the mixture prior parameters (2 parameters), (d) the probability of grouping center & 
inner ring, inner & outer ring, and center & outer ring (3 parameters), (e) the probability of grouping the groups 
in (d) with the remaining element (3 parameters), and (f) the probability of grouping center, inner and outer ring 
together into a single group (1 parameter).

To generate synthetic observers, we started with plausible parameters by choosing the inner and outer ring 
uncertainties and the computational noise to be much smaller, and the prior to be much larger, than the center 
ring uncertainty (chosen as be 5  deg/s standard deviation) in accordance with model assumptions. We also 
used prior knowledge of the stimulus arrangement to choose a higher probability of the center being grouped 
with the inner ring (compared to the other combinations) and then with the outer ring. However, to explore the 
space of model predictions, we chose plausible parameters by drawing them from the appropriate distributions 
around the representative parameters (detailed in supplementary Table 1, supplementary materials). We ensured 
that the relationship between the uncertainties (inner being less than center and more than outer ring) was 
maintained and the prior probabilities for all structures added to 1. We also increased each sensory uncertainty 
variance by a factor of 2 for simulating medium uncertainty and by a factor of 4 for simulating high uncertainty.

To only consider parameters that could be plausible for the participants, we removed any parameter that 
resulted in a transition point (defined as the point where the mean response shift crosses zero) greater than 45 
degrees, consistent with what we observe in the data. Further, for ease of interpretability, in Fig. 6D, we also 
excluded parameters which resulted in non-decreasing transition points with decrease in reliability, leaving 529 
out of the 1000 observers, which were used to study the relation between the transition points and the point of 
maximum variability.

Finally, as noted in Shivkumar et al.32, inferring the model parameters from our empirical data is challenging 
due to the large number of possible causal structures (264 for our three-part stimulus). While many of these 
structures will have low posterior probabilities, we expect strong dependencies in the resulting posterior over 
model parameters given our essentially one-dimensional data (only varying the relative direction between center 
and inner ring). Uniquely identifying the parameters for individual subjects would likely require a more diverse 
range of stimuli and large numbers of trials.

Statistical analysis
For each observer, the circular mean and variability of their responses was plotted as a function of the relative 
direction between center patch in inner ring ( ∆ ϕ ), and the data were fitted by maximizing the likelihood of 
individual responses, R, using the following noise model:

	
p (R|∆ ϕ ) =

λ

2π
+

1− λ

2π Io (κ ∆ ϕ )
exp

{
κ ∆ ϕ cos

[
R−

−
R (∆ ϕ )

]}
� (1)

 where λ  is the lapse rate and κ ∆ ϕ  is the inverse variability (circular). κ ∆ ϕ  represents a combination of 
perceptual and motor variability. Fitting it separately for each ∆ ϕ  accounts for the fact that perceptual 
variability is predicted to vary as a function of ∆ ϕ  by the model and is empirically known to do so.

For the mean responses, we assumed a sigmoidal dependency on ∆ ϕ  as given by:

	

−
R (∆ ϕ ) = a + b

(
1

1 + e
−(∆ ϕ−µ )

τ

)
� (2)

 where a represents the lower asymptote, (a + b) the upper asymptote, µ  the midpoint of the sigmoid, and τ  
the slope parameter. We bootstrapped trials (n=1000) to obtain confidence intervals and assess the statistical 
significance of parameter estimates. The model’s fit to data from an example observer is illustrated in Figure 
S2. In addition, for the summary statistics across observers, we conducted one-tailed paired t-tests to assess 
statistical significance. We chose a one-tailed test because our model predicts a rightward shift with increases in 
motion uncertainty.

Perceptual variability calculation.
The model fits captured the variability in the responses for each relative direction, Δφ, using κ ∆ ϕ  in Eq. (1). 

In order to combine the variabilities 1/κ ∆ ϕ  across observers in Fig. 5A, we first scaled the maximum of 1/κ ∆ ϕ  
to be 1 for each observer. For each observer, we then determined the point at which 1/κ ∆ ϕ  took its maximum 
by fitting to it a quadratic function. Finally, we aligned 1/κ ∆ ϕ  for each observer to the same average peak 
location and averaged across all observers.
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Data availability
The datasets and code for this work is located at https://figshare.com/s/4b8e56cb9e660266c8f2.
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