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A B S T R A C T

Recent years have seen an explosion of interest in naturalistic behaviour and in machine learning tools for automatically tracking it. However,
questions about what to measure, how to measure it, and how to relate naturalistic behaviour to neural activity and cognitive processes remain
unresolved. In this Perspective, we propose a general experimental and computational framework – kinematic coding – for measuring how in-
formation about cognitive states is encoded in structured patterns of behaviour and how this information is read out by others during social in-
teractions. This framework enables the design of new experiments and the generation of testable hypotheses that link behaviour, cognition, and
neural activity at the single-trial level. Researchers can employ this framework to identify single-subject, single-trial encoding and readout com-
putations and address meaningful questions about how information encoded in bodily motion is transmitted and communicated.

1. Introduction

In the real world, human perception, emotion, and decision-making manifest through behaviour, directing the selection of motor
actions (what to do, whether and when to do it) and their execution (how to do it). Despite this inherent link to cognition [1], the
characterization of behaviour has been historically overlooked in the domains of cognitive psychology and neuroscience [2].

Several interrelated reasons have been suggested for this surprising neglect: the traditional focus of psychology, inherited from
philosophy, on knowledge rather than action [2]; the tacit assumption that action parameters are nonspecific to cognitive processes
[3], often coupled with a reductionistic bias [4]; a robotic view of motor control as detached from decision-making [5]; the notion of
motor variability as a confounding factor (for example, a potential cause of ‘movement artifacts’ in neuroimaging).

Countering this oversight, recent years have seen a surge in advocacy for approaches that link measurements of neural activity and
cognition to behaviour [4,6–8]. Paraphrasing Krakauer and colleagues [4] – neuroscience needs behaviour. This emerging recognition
has been supported, and perhaps accelerated, by recent developments in machine learning tools for automated tracking of animal
behaviour, including 3D pose estimation and tracking of social interactions between animals in their environment [9–15]. Leveraging
these advancements, several approaches have been proposed for jointly modelling neural activity and behaviour, enabling learning of
behaviourally relevant neural dynamics [16,17].

Despite the pertinence of these advancements to human research, studies in cognitive neuroscience and psychology – from learning
to social decision-making – still predominantly rely on experimental designs that minimize behaviour to a button press [18,19].

A significant barrier to adopting more naturalistic paradigms is the inherent complexity of naturalistic behaviour. Naturalistic
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behaviour is dynamic, high-dimensional, and highly variable both within and across individuals [6]. This complexity presents chal-
lenges for both quantifying behaviour and connecting it with neural activity.

To address these challenges, here we propose an information-based approach. Our approach is motivated by the basic observation
that the way we move carries information. This information may reflect states of the external world, task variables directly manip-
ulated by the experimenter but also cognitive states and decision processes [3,20]. For example, when reaching for an object,
movement kinematics convey information not only about the size and shape of the object to be grasped [21] but also about the agent’s
intentions [22,23] and expectations in grasping the object [24]. In choice paradigms, movement kinematics reveal belief tracking
[25–27], evaluative biases [28], reward associations [29], confidence [30], motivation [31] and the subjective utility assigned to the
chosen option [5]. Moreover, specific events within reaching trajectories such as changes in direction and velocity can be used to detect
changes of mind [32,33] and changes in confidence [34].

Our proposal in this Perspective is to measure information conveyed by structured movement patterns, rather than focusing on the
patterns themselves. This approach offers several advantages. One conceptual advantage is that most models in psychology and human
neuroscience are already cast – either explicitly or implicitly – in terms of information processing [35–41]. An information-based
approach, thus, provides a natural framework for generating and testing hypotheses relating naturalistic behaviour to cognitive
and neural activity.

A second advantage is methodological. Though movement kinematics and neural activity share several characteristics, they differ
in their fundamental physical units. Movement kinematics is defined by position vectors, velocities, and joint angles [42], whereas
neural activity is defined by action potentials, changes in the regional blood concentrations of oxy- and deoxy-haemoglobin (BOLD
signal) or spectral properties of extracellular potentials [43]. This disparity poses a challenge for direct comparisons between kine-
matic and neural data. An information-based approach overcomes this challenge by abstracting kinematic and neural data into a
common information space. In this space, variations in movement kinematics and neural activity are projected onto a common in-
formation axis. This allows variations in behaviour to be directly related with variations in neural activity and cognitive processing at
the single trial level.

In this Perspective, we propose a general conceptual framework – kinematic coding – for measuring how information about
cognitive states is coded within structured movement patterns. We begin by introducing the fundamental concepts that underlie ki-
nematic coding – kinematic encoding and kinematic readout. We then describe experimental and computational approaches for
investigating kinematic encoding, kinematic readout, and their intersection. We discuss what these approaches can reveal about the
mapping between information and naturalistic behaviour. Finally, we explore applications and elaborate on how kinematic coding can
inform the design of new experiments and generate testable predictions linking behaviour to cognitive processes and neural activity.

2. Kinematic coding: a conceptual framework for intersecting information encoding and readout

A code serves as a method of mapping information from one space to another [44]. Neural coding refers to how information about
the state of the external world is mapped onto neural population activity [38,45]. Early research in neural coding focused on howmuch
information a neural response carries about sensory stimuli [38,40,45–48]. Over time, the emphasis has shifted towards understanding
how this encoded information is transmitted and read out by downstream regions to inform behavioural outcomes [49–53]. Despite
this expanded scope, in neural coding the flow of information remains confined to within individual brains. While brains are some-
times described as “interacting”, direct interaction between brains does not occur. Unless interbrain neurofeedback is provided [54],
information encoded in neural activity is inherently private, inaccessible to others [55].

Fig. 1. | Kinematic coding enables social transmission of information. During social interactions, prospective information encoded in move-
ment kinematics is read out and used to plan an appropriate action in response. Kinematic encoding estimates the posterior probability of a specific
cognitive state (e.g., the intention to pass the bottle, shown on the left) from movement kinematics (K→). An increased posterior probability over time
indicates an increased likelihood that the movement is intended to pass the bottle. As the interaction progresses, the partner reads out the encoded
intention from the movement kinematics, enabling them to predict and plan an appropriate action in response (receiving the bottle). In this sit-
uation, intention can be inferred directly from kinematics of the partner’s movement.
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By transposing the concept of coding to naturalistic behaviour, kinematic coding moves the boundaries of information flow beyond
the individual, introducing a social dimension absent in neural coding (Fig. 1). Unlike information encoded in neural activity, in-
formation encoded in behaviour is potentially available to others [3]. This opens an entirely novel set of questions regarding the social
transmission of information. What information can human (and non-human) observers read in others’ movements? Can information
encoded in movement kinematics act as a social signal to others? Can it be used to deceive others?

Kinematic coding provides a unified framework for exploring how information about a particular cognitive dimension is encoded
and read out in naturalistic behaviour. The relevance of kinematic coding for modelling naturalistic behaviour is not limited to any
specific movement pattern or cognitive state. This framework can be used to measure information in eye movements [56–60], head
movements [61], arm and hand movements [21,62–66], across a variety of behaviours, from crawling [67] and walking [68] to object
manipulation, to racquet and ball sports [69–76]. Additionally, while kinematic coding lends itself naturally to measuring information
in kinematic data, it can also be directly extended to quantify information in data obtained from other measurement modalities such as
electromyography [77–79].

Fig. 2. | Kinematic encoding. (a) Time course of wrist velocity and wrist height for reach-to-pass and reach-to-drink movements. Thin curves show
representative individual movement trajectories; shaded areas show the mean ± SD across movements. (b) Geometrical representation of the
encoding model in a simplified two-dimensional kinematic space spanning two kinematics features [K1,K2]. The two elliptical regions represent the
intention conditional probability distributions of the two features. The encoding boundary (dashed line) optimally separates ‘to drink’ and ‘to pass’
regions in the two-dimensional kinematic space. The encoding vector βenc

̅̅→
= [β1, ..βn], consisting of the regression weights, indicates the maximally

discriminative axis (signal axis). Two different single-trial kinematic vectors, Ki
→
and Kj

→
, are shown. (c) Block diagram illustrating a GLM encoding

model using n kinematic features. The model projects the kinematic vector K→= [K1, ..Kn] of each movement onto βenc
̅̅→ by computing the scalar

product βenc
̅̅→ ⋅ K→, which is then transformed into the posterior probability P

(
Y
⃒
⃒
⃒K
→
)
of state Y given kinematics K→. This transformation from scalar

product to posterior probability is computed using a link function σ. A sigmoid function σ, corresponding to the specific case of logistic regression, is
used in this illustration. The diagram shows that different features can contribute to varying degrees in the encoding of single-trial information (the
product of the encoding and kinematic vectors along each feature) for different movements. For instance, K1 makes a dominant contribution to
movement 1, whereas both K1 and K2 contribute comparably to movement 2.
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3. Kinematic encoding

Kinematic encoding refers to how information about a particular cognitive state Y is expressed (encoded) in a movement pattern K→.
Experimentally, we can measure the strength of this encoding, i.e., mapping from Y to K→, by examining the extent to which variations
in Y result in changes in K→.

This approach has been used to investigate how intentions are encoded in reach-to-grasp kinematics [80]. In everyday object
manipulation, objects are reached for and grasped in ways that reflect intention –what one plans to do next with the object [3,81]. In a
laboratory setting, this can be translated into a task where participants perform manipulative action sequences that differ only in their
final act. For instance, participants might be instructed to reach, grasp, and lift a bottle either to pass it to another person or to drink
from it. By analysing the extent to which variations in Y (intention) result in changes in K→ (reaching kinematics), we can measure
intention encoding, i.e., the mapping from intention to kinematics.

A challenge in quantifying this mapping is the high variability in movement kinematics [82,83]. Fig. 2a shows the time course of
two kinematic variables, wrist height and wrist velocity, measured during repeated reaching movements toward a bottle by different
participants. These actions were performed either to pass the bottle to another person or drink from it. Despite reaching for the same
bottle over a fixed distance, the kinematic trajectories for the same intention vary across trials and individuals.

To mitigate the impact of movement variability, the standard approach is to average kinematics over repeated trials and different
individuals. However, motor control does not operate according to ‘averaged kinematics’. The neuromotor system is designed to
facilitate the emergence of motor solutions that vary from one individual to another [84] and vary from trial to trial never repeating
exactly [85]. Given this variability, we propose that kinematic encoding is best understood as probabilistic mapping. In this frame-
work, measuring kinematic encoding is equivalent to computing the conditional probability of observing specific kinematics given a
particular cognitive state (e.g. intention to pass). By applying Bayes’ rule, this probability can then be inverted to calculate the
posterior probability that a movement was performed under a certain cognitive state based on the observed reaching kinematics in that
trial. This posterior probability provides a measure of single-trial information encoding [82].

Encoding models for estimating posterior probabilities of Y from K→ based on empirical data can be computed using various
parametric and nonparametric methods [86]. In a scenario where the predicted state is binary (e.g., the reaching act is performed
either to pass or drink, as in the above example), simple classifiers such as Support Vector Machines [87] or regression models such as
Generalized Linear Models (GLM) [88], including logistic regression [89] can be used to estimate the posterior probability of particular
state given the reaching kinematics observed in that trial (single-trial movement kinematics).

Geometrically, single-trial movement kinematics can be conceptualized as a point in n-dimensional kinematic space, where each
dimension represents a specific kinematic feature. The encoding boundary defines the surface within this kinematic space that best
separates the two cognitive states. When GLM regression is used, the kinematic space is a n-dimensional vector space (that is, each
point in this space corresponds to a vector extending from the origin to that specific point) and the encoding boundary is a hyperplane
(a flat surface) (Fig. 2b). The encoding vector, orthogonal to the encoding boundary and with components equal to the regression
weights of the encoding model, indicates the information axis along which changes in movement kinematics maximally discriminate
between the two states (e.g., to pass or to drink). Single-trial information encoding can be obtained by projecting each movement onto
the encoding vector. As shown in Fig. 2c, the encoding model estimates the posterior probability of intention for each movement in
kinematic space as a function (a sigmoid function in the case of logistic regression [89]) of the scalar product between the encoding
vector and the kinematic vector on that trial. Larger values of this calculation indicate a greater distance from the encoding boundary
(Fig. 2b) and thus a higher posterior probability that the movement was performed with a particular intention (Fig. 2c).

This approach generalizes to cases where encoding is nonlinear – for instance, information resides in the interaction between
kinematic features [53,90] – and/or the high-dimensional kinematic space is not necessarily a vector space. In such instances, the
encoding model separates points in the n-dimensional kinematic space using an encoding surface that is not necessarily a hyperplane.
The posterior probability for each intention increases for points farther from this encoding surface. This approach can also be extended
to model scenarios where the choice is among three (ternary classifiers or regression) or more alternatives, using methods such as
multiclass or softmax regression or classification [89,91–93].

The performance of the encoding model can be evaluated by integrating the single-trial information measures over all trials. For
discrete state variables, classical statistical measures, such as sensitivity, specificity, and accuracy can be employed, alongside in-
formation theory measures (e.g. Shannon information) [45] (Box 1). For continuous state variables, it can be assessed using any
measures that compute the model’s accuracy in estimating true values of state variables (Box 1). The performance of the kinematic
encoding model provides a quantification of the overall amount of information encoded in kinematics.

The encoding model can also be used to characterize how the encoded information is represented. This involves identifying the
specific kinematic features that encode information and quantifying the amount contributed by each feature. With GLM regression, the
contribution of each feature to a given movement can be computed as the scalar product of the kinematic vector and the encoding
vector within the subspace of the considered kinematic feature. Fig. 2c illustrates the case where different single-trial kinematic vectors
(movement 1 and movement 2) are projected onto the same encoding vector. Differences in the posterior probability of Y reflect the
differential contribution of individual kinematic features to intention encoding. The contribution of features across different move-
ments can be computed by integrating such single-feature contributions. In the general case, the overall contribution of a kinematic
feature can be assessed by comparing the performance of models that either include or exclude the considered feature (Box 1). Studies
utilizing this approach to quantify intention encoding commonly find that, despite the high-dimensionality of kinematic data,
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Fig. 3. | Kinematic readout. (a) Block diagram illustrating a GLM readout model using n kinematic features. The model projects each kinematic
vector K→= [K1, ..Kn] onto the readout vector βread

̅̅ →
= [β1, ..βn] by computing the scalar product βread

̅̅ → ⋅ K→, which is then transformed into a posterior

probability P
(
Y
⃒
⃒
⃒K
→
)
of reported state Y given kinematics. The transformation from scalar product to posterior probability is computed using a

(possibly non-linear) link function σ. A sigmoid function σ, corresponding to the specific case of logistic regression, is illustrated. (b) Geometrical
representation of the readout model in a simplified two-dimensional kinematic space spanning two kinematics features [K1,K2]. The two elliptical
regions represent the choice conditional probability distributions of the two features. The readout boundary (dashed line) optimally separates ‘to
drink’ and ‘to pass’ choice regions in the two-dimensional kinematic space. The readout vector, βread

̅̅ → defined by the regression weights, indicates the

maximally discriminative axis. Two different single-trial kinematic vectors, Ki
→
and Kj

→
, are shown. (c) Geometrical representation of the intersection

between encoding and readout visualized as the alignment between the encoding and readout boundaries for a given set of movements. When
readout captures most of the encoded information, encoding and readout boundaries are closely aligned, and intersection information is high. In
contrast, when readout is suboptimal, the two boundaries are misaligned, and intersection information is low.

C. Becchio et al. Physics of Life Reviews 51 (2024) 442–458 

446 



intention information is typically encoded in lower-dimensional subspaces [82,83,94].

4. Kinematic readout

Having quantified information encoding, the next step is to determine whether this information is accessible to human observers.
Experimentally, one approach is to ask naïve participants to distinguish between action stimuli that encode information about a
particular cognitive state. When the choice is between two alternatives, the task conforms to a two-alternative forced-choice (2AFC)
paradigm, requiring observers to discriminate between pairs of stimuli, differing along Y, in each trial. For example, observers might
be asked to discriminate between two reaching movements, one performed with the intent to pass, the other with the intent to drink.
The availability of displayed information can be manipulated through temporal and/or spatial occlusion [70,95]. For instance,
temporal occlusion may be used to reveal only early movement patterns (and not the later portion of the movement) to probe the
sensitivity of readout to anticipatory information [70].

Studies using this design to quantify readout of intention information in reaching movements indicate that naïve participants are
able to read some, but not all, of the information encoded in moment kinematics [22,82,83]. A statistical readout model of single-trial
intention choice provides a means to quantify the probability that encoded information is successfully read out.

Similar to information encoding, information readout in a single trial can be computed using Bayes’ rule to determine the posterior
probability that an observer judges the movement to be performed under a particular cognitive state (i.e., posterior probability of
choice C) given the kinematics K→ observed in that trial. In cases where the readout variable is binary, a simple linear classifier (such as
a GLM regression of the binary outcome) can be used to estimate the probability of reading a particular state from single-trial
movement kinematics. Fig. 3b shows a schematic of a GLM readout model in a simplified, two-dimensional kinematic space. The
model takes single-trial kinematics as input to estimate the probability that an observed reaching movement is judged to be performed
with the intention to pass or to drink. The readout boundary defines the surface that best separates the two intention choices (to pass
versus to drink). The readout vector, whose components correspond to the weights in the GLM regression model, identifies the axis
orthogonal to the readout boundary along which variations in kinematics are most effective in differentiating between the two
intention choices. Similar to encoding, the readout model projects each movement (point) in kinematic space onto the readout vector
to compute the posterior probability of C given K→. As shown in Fig. 3a, this posterior probability is a function of the scalar product
between the readout vector and the single-trial kinematic vector of the observed movement [82,83].

The performance of the readout model, computed by integrating the single-trial intention choice information across trials, provides
a quantification of information readout. Similar to encoding, the readout model allows us to determine both the overall contribution of
each kinematic feature to readout and the contribution of each feature to information readout in single trials. For a GLM readout
model, the contribution of each feature to the posterior probability of intention choice is easily obtained by multiplying the readout
vector by the single-trial kinematic vector within the subspace of each feature (Fig. 3a). As shown in Fig. 3a, the posterior probability of
the same movement (that is, identical single-trial kinematic features) can vary significantly depending on the specific readout vector
onto which the kinematics of the movement are projected.

So far, we have considered estimation of readout from binary options. In real-world scenarios, however, observers often face
situations where an agent might have multiple possible intentions. For example, they might intend to pass the bottle, drink from it, or
pour water into the glass. Similar to the encoding models, methods like multiclass or softmax regression can be applied to measure the
likelihood of each potential intention. These methods can be further adapted to incorporate context-driven expectations [96] and
increase the a priori likelihood of cognitive states more probable in a given context by adding a bias term.

Our approach also accommodates scenarios where ‘behaviour affords behaviour’ [97] and options interact with action dynamics
[98]. In these settings, the readout state can be inferred directly from continuous, uninstructed measures of an observer’s behaviour
(continuous readout variables), such as eye movements [83,99–101] or muscle activity [102–104]. Research using this approach has
revealed that during action observation, subjects implement motor programs equivalent to those used action execution [99,105]. For
instance, corticobulbar excitability of the mylohyoid muscle involved in mouth opening is significantly greater in response to the
observation of reaching actions to drink than to pour [102,106]. At the single-trial level, information readout may be inferred by
isolating variations in movement kinematics that predict variations in the continuous readout variable using statistical approaches
such as Partial Least Squares (PLS) regression or Canonical Correlation Analysis (CCA) (see Box 2) and then examining whether these
variations encode information.

5. Intersecting kinematic encoding and readout at the single-trial level

Kinematic encoding maps information to movement kinematics. For readout, the direction of probabilistic mapping is inverse: from
movement kinematics to information. Yet, kinematic readout is not simply the inverse of encoding. Human perceivers can ignore
features that encode information [83] or, conversely, read features that do not encode any information [82]. Further complicating the
inverse mapping, the encoded information can be misread [94].

This raises an intriguing question: how and to what extent is information encoded in movement kinematics accurately read out? In
this context, we can think of the encoding model as an ideal observer capable of optimally reading all the encoded information (Fig. 3a
top panel). The readout computations of this ideal observer describe the optimal computations for mapping movement kinematics to a
cognitive state, mirroring the computations of the encoding model. While these computations may not match those of human per-
ceivers, they enable us to predict the limit of behavioural performance given the code, providing an upper bound for readout.
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By comparing these optimal computations with those of actual human readout, we can quantify the amount of information suc-
cessfully read out and transmitted to behaviour. A good reader assigns readout weights similar to the encoding weights (as illustrated
in Fig. 3a middle panel; see also Fig. 4f for a real-data example). As a result, the amount of single-trial information that is correctly read
out closely matches the amount of information that is encoded and that an ideal observer would read out. Conversely, a bad reader
assigns readout weights dissimilar to the encoding weights (Fig. 3a bottom panel). This leads to significant discrepancies between the
information read out and the information encoded and available to the ideal observer, potentially leading to incorrect interpretations
of the intended action.

In general, the amount of information encoded in kinematics that is read out depends on the intersection between encoding and
readout of information. Geometrically, this intersection can be visualized as the alignment between the encoding and readout
boundaries for a given set of movements. When these boundaries align, the readout is optimal, and all encoded information is
accurately read out. Conversely, when the boundaries misalign, the readout is suboptimal, and the encoded information is either not
read out or is read out incorrectly (see Fig. 3c).

A principled approach to quantifying how encoding and readout intersect at the single-trial level is provided by intersection in-
formation [51,107]. Intersection information is defined as the amount of information encoded in movement kinematics that is
correctly read out by human observers. There are various methods to compute intersection information. The simplest method is to
compute the fraction of trials in which a particular state (e.g., intention to pass) is both correctly decoded by the encoding model and
correctly read out behaviourally [51]. The larger this fraction, the greater the intersection information. When computed in this way
(and, in general, using linear probability models), intersection information is proportional to the alignment between the encoding and
readout boundaries [51,108]. Intuitively, the more aligned these two boundaries are, the larger the intersection information. More
general definitions of intersection information can be computed using information theory [51,107] (Box 1).

Comparing the amount of intersection information with the amount of encoded information (as measured by the performance of
the encoding model) can be useful for disentangling the contribution of encoding and readout to less-than-perfect behavioural per-
formance. For example, it can help determine whether less-than-perfect behavioural performance is due to a moderate amount of
information being efficiently read out or a large amount of information being read out inefficiently.

6. Applications and predictions of kinematic coding

Having established a general kinematic coding framework for studying kinematic encoding, readout and their intersection, we now
discuss how it can be applied to generate experimentally testable predictions.

7. Kinematic encoding and readout across multiple orders of planning

Many naturalistic behaviours consist of distinct components – behavioural syllables in animals [109], motor acts in humans [110] –
organized sequentially to achieve temporally distant action outcomes. Yet, little is known about the computational principles and
neural mechanisms that explain how distinct components are chained together [81]. Kinematic coding may be used to determine
chaining, quantified as orders of planning [80], for sequential actions. In object manipulation, first-order planning entails shaping
one’s grasp in anticipation of the size [111] and shape of the object to be grasped [21]. Second-order planning entails chaining the first
and second acts in the sequence by shaping one’s object manipulation behaviour on second act [22]. Grasping a bottle either to pass or
to drink is an example of second-order planning. Beyond the second order, third-order planning and even fourth-order planning are
sometimes possible, for example, when altering one’s movement in anticipation of what another person will do next with the object
[112–114]. Kinematic encoding may be used to quantify orders of planning in the kinematics of a given act. The logic is straight-
forward: if in a manipulative action sequence, n-th order information is encoded in reaching kinematics, then planning (chaining) can
be inferred to have occurred up to the n-th order. This approach can be used to quantify higher-order planning across various contexts
(e.g., social vs. non-social) and populations (e.g., healthy participants vs. patients). An advantage of this approach is that it only re-
quires analysing the initial act’s kinematics, rather than the entire action sequence. This not only simplifies the analysis but also allows
for the assessment of residual planning abilities in patients, such as stroke patients, who may be unable to complete a planned action
sequence due to sensory or motor function loss. The same logic may be applied to measure action prediction across multiple orders of
planning during action observation.

8. Revealing suboptimalities in the readout of encoded information

Commonly used trial-averaged measures such as accuracy (fraction correct), sensitivity, and psychometric functions, offer limited
insight into the nature of computations involved in perceptual detection or discrimination of others’ actions. Kinematic coding pro-
vides a powerful tool to ’open the black box’ of trial-averaged discrimination accuracy and dissect sub-components of the readout
process. Consider a hypothetical case where, despite perfect encoding, perceptual discrimination remains at or near chance level. This
could indicate that the readout process is not sensitive to subtle variations in movement kinematics (kinematic blindness hypothesis).
Alternatively, observers might be sensitive to variations in movement kinematics but focus on those that do not convey intention-
related information (non-informative feature hypothesis). Lastly, they might focus on informative variations but fail to read the in-
formation accurately (misalignment hypothesis). Kinematic coding generates distinct and testable predictions to distinguish among
these alternative hypotheses. If readout is not sensitive to variations in movement kinematics (kinematic blindness), no statistical
dependency of perceptual choices on single-trial kinematics would be observed. In this case, the performance of the readout model
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would be at chance level. If the readout process focuses on non-informative features, the weights in the readout model (e.g., the
regression weights of a GLM) would be assigned to features that have zero weights in the encoding model. Finally, if there is incorrect
reading of information encoded in informative features (misalignment), the weights in the readout model would correspond with non-
zero weights in the encoding model, but the signs of the readout weights would not correctly align with the signs of the encoding
weights.

9. Kinematic fingerprinting and beyond

Encoding (and readout) models can be fitted either to data pooled across a cohort of subjects or to individual subjects, with separate
models being fitted for each participant. Single-subject fitting may be useful for investigating individual differences. Individuals
exhibit variations in motor system outputs that are both consistent within a given individual and differ from one individual to another
[84]. By fitting separate encoding models for individual subjects, we can detect individual-specific, idiosyncratic encoding profiles that
would remain undetectable at the group level [113,115]. Extending the same logic to readout, we can capture individual-specific
readout profiles [83]. The stability of these profiles over time can be tested by recomputing models using data from different ses-
sions (at least two sessions). Using the profile from an individual in one session to discriminate among the profiles from a second
session – a procedure dubbed fingerprinting in the study of functional connectomes [116] – provides a measure of identifiability. These
kinematic encoding (readout) profiles can then be used predict behaviour, identify cognitive and clinical phenotypes [94,117–120]
and generate models that connect behaviour to brain structure/function (e.g., individual-specific functional connectomes [116]). In a
recent study, we used this approach to demonstrate that the implicit use of prospective information to anticipate others’ actions is
directly related to the amount of information that a specific perceiver can extract from the observed action [83] (Fig. 4). Specifically,
we found that individual-specific readout computations estimated from a 2AFC task can be used to predict the implicit use of pro-
spective information (as indexed by response times and initial fixations) by the same perceiver in a primed action categorization task
performed one hour before [83]. The significance of individual differences in readout for action prediction was highlighted by showing
that readout models trained on data from individual perceivers outperformed models trained on surrogate subjects — constructed by
pooling data across multiple subjects and then randomly resampling them to create ‘average’ perceivers.

10. Testing similarity of kinematic codes

One primary advantage of kinematic coding is that encoding and readout of information are computed within a common space.
This allows researchers to address meaningful questions about the similarity between encoding and readout codes. For example, a
prominent hypothesis states that the same internal models used for action execution are also employed for action observation [121].
Within the framework of kinematic coding, this hypothesis can be tested by initially asking the participant to perform actions under a
particular cognitive state and then testing their ability to read the same state actions performed by others. If the same models are used
for action execution and observation, then we should expect individuals to read information in the same way they encode it. Mon-
tobbio and colleagues [94] used this approach to test the hypothesis that kinematic similarity [122] is important for intention reading
in autism spectrum disorders (ASD) and typically developing (TD) observers. Intersecting GLM encoding and readout weights revealed
that individuals with ASD extracted information from features that encode intention in ASD-specific kinematics. Similarly, TD ob-
servers extracted information from features that encode intention in TD-specific kinematics. This approach can be extended to address
questions about information transmission during social interaction. For example, researchers could use an experimental diffusion
chain to investigate whether the kinematic similarity of encoding facilitates the transmission of information about a particular state,
such as risk [123], along the chain.

Fig. 4. | Individual-specific intention readout predicts kinematic priming. Reanalyses of data first presented in [83] (a) Time course of an
informative kinematic feature (wrist height, WH) and a non-informative feature (thumb z-coordinate, TZ) during reach-to-pour (green) and
reach-to-drink (purple) acts. Thin lines represent individual movement trajectories; thick lines and shaded areas depict the mean ± SD across all
kinematic prime stimuli. (b) The kinematic primes consisted of videos of reach-to-drink and reach-to-pour movements temporally occluded at the
end of the reaching phase, preventing participants from observing the second part of the action. (c) Contribution of individual kinematic features to
encoding, computed as the scalar product between the encoding vector and the single-trial kinematic vector within the subspace of each feature
(mean ± SEM across primes). (d) Response Times (RTs) as function of single-trial intention readout in a primed action categorization task. Higher
readout led to faster RTs in congruent trials and slower RTs in incongruent trials (lines and shaded areas show mean ± SE across trials and per-
ceivers). (e) Probability of initial fixation directed toward task-relevant and irrelevant regions of the probe image as a function of single-trial
intention readout. In congruent trials, higher readout increased the probability of relevant fixations and decreased the probability of irrelevant
fixations. In incongruent trials, the pattern was reversed: higher readout decreased relevant fixations and increased irrelevant fixations. Lines and
shaded areas indicate mean ± SE across trials and perceivers. (f) Perceiver 1 (good reader). Left: contribution of kinematic features to intention
readout shows that this perceiver assigned larger weights to informative features (conventions as in panel c). Middle: RTs plotted against single-trial
intention readout. Higher intention readout yielded faster (slower) RTs on congruent (incongruent) trials. Dots represent individual trials with
regression lines added. Right: fixation heatmaps for congruent and incongruent trials; the probability of initial fixations being directed to
task-relevant regions is higher on congruent trials than on incongruent trials. (g) Perceiver 2 (chance reader) Left: contribution of kinematic features
to readout shows that this perceiver read mostly non-informative features (conventions as in panel c). Middle: RTs plotted against single-trial
intention readout show no significant congruency effect. Right: fixation heatmaps show no effect of congruency.
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11. Tackling brain–behaviour relationships at the single-trial level

Kinematic encoding, kinematic readout, and their intersection are computed at the single-trial level and can be used to directly
relate information in movement kinematics to single-trial measures of neural activity, such as electroencephalography (EEG) and
magnetoencephalography (MEG) responses. In a perceptual discrimination task, this framework can be used to determine if trial-to-
trial fluctuations in brain activity within a particular region correlate with variations in movement kinematics along a specific in-
formation axis, such as the intention readout axis, rather than overall variations in movement kinematics. This could help isolate brain
regions that implement specific readout computations from those that are responsive to overall variations in movement kinematics.
Similar logic could be applied to characterize the information flow between brain regions during motor skill learning [124,125].
Whether used to delineate the information content of specific brain regions or to track interregional communication, the dependencies
identified through this approach are statistical, not causal. To infer causality, researchers could employ interventional methods (see
Quantifying the effects of intervention).

12. Quantifying the effects of intervention

Evaluating changes in behaviour is a common approach for examining the effects of intervention [126]. For example, manipulation
methods (e.g., brain stimulation, pharmacological agents) can be used to up- and down-regulate activity within a brain region to study
how changing neural dynamics affects a particular cognitive process (e.g., [127]). One limitation of this approach is that behavioural
differences after an intervention (e.g., differences between pre- and post- kinematics, differences in perceptual discrimination per-
formance) may arise from different causes. Kinematic encoding and readout can be used to deconvolve and quantify the specific effect
of intervention on these processes. Patri and colleagues [82], for example, combined kinematic readout with theta burst transcranial
magnetic stimulation (cTBS) to the inferior parietal lobule (IPL) to evaluate the causal role of IPL in intention reading in a 2AFC task.
Fitting readout models to intention choices expressed pre- and post-intervention revealed that transient disruption of IPL did not cause
kinematic blindness, or a shift of readout weights towards non-informative kinematic features. Instead, it selectively decreased the
alignment between encoding and readout, impairing the ability of observers’ to correctly read the extracted information.

13. Outlook

In this article, we introduce a novel approach for understanding naturalistic patterns of behaviour through the information they
convey. This framework allows for the generation of new hypotheses and experiments that link behaviour, cognition, and neural
activity. Researchers can use this framework to measure how information is encoded in movement kinematics, how it is readout, and
the role of these processes in the social transmission of information.

A key insight from kinematic coding is that only information that resides at the intersection of encoding and readout — the in-
formation actually read out — can be transmitted. From this perspective, the suboptimality of human readout, as highlighted by the
findings presented above, limits the amount of information that can be transmitted. Paradoxically, however, it also creates oppor-
tunities for communication. Since readout is not simply the inverse of encoding and not all encoded information is read out, actors can
intentionally modify their kinematics to either enhance (as in the case of demonstration [128]) or reduce (as in the case of deception
[129]) the transmission of information. This concept forms the basis of sensorimotor communication [130]: humans intentionally alter
their movement kinematics to regulate information transmission in social contexts. A widely held but untested assumption is that these
communicative alterations influence the informativeness of the performed actions [131,132]. However, little is known about the
effects of these alterations on encoding and readout computations. Do communicative alterations increase (or decrease) the amount of
encoded information, or do they rather modulate information transmission by enhancing (or reducing) the readability of the encoded
information? The kinematic coding framework enables us to adjudicate between these (not mutually exclusive) hypotheses by
examining how the imposition of a communicative intention alters the contribution of individual kinematic features to encoding and
readout.

Mechanistically, we propose three coding mechanisms by which communication could modulate information transmission: state-
related variance, state-unrelated variance, and correlation between kinematic features. Given that only information at the encoding-
readout intersection contributes to transmission, the features within this intersection are prime candidates for these mechanisms.

First, communication may operate by amplifying variations in features that carry state-relevant information. For example, when
reaching for a bottle with the intent to pour, a person might amplify variations in intention-related features to signal the intention to
pour. This amplification increases the readability of the intention, allowing an observer to anticipate and respond, for instance, by
bringing their glass closer. This mechanism forms the basis intentional signalling, motionese (i.e., amplification of arm/hand gestures
when talking to a child) and other forms of pedagogical demonstration [130]. A second mechanism may involve modulating variance
that is orthogonal to the primary informational axis, to convey secondary, non-pragmatic information. For instance, while reaching for
a bottle with the intent to pour, a person might alter features unrelated to the pragmatic task of pouring water to communicate
politeness or impatience [130]. These first two mechanisms rely on altering specific features. A third mechanism may leverage cor-
relations between features. Studies in neural coding indicate that correlations between different neural activity features can enhance
readout. The redundant repetition of information across multiple features ensures that more of it is transmitted downstream in the
brain [52,53]. A similar mechanism could apply to kinematics, where correlations among kinematic features could enhance readability
and thus influence information transmission.

The idea that individuals alter their kinematics to regulate information transmission has profound implications for sensorimotor
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control. Traditional theories assume that the objective of motor control is to produce purposeful, coordinated movements. Kinematic
readout introduces the possibility that movements are also planned and controlled to facilitate or even hinder readability (as in the
case of deception). It seems plausible that this dual function places competing demands on the optimization of motor programs. By
allowing for the quantification of encoding and readout at the single-movement level, kinematic coding equips researchers with new
tools for addressing this trade-off and computing the single-trial informational costs and benefits of various motor solutions.

In presenting the kinematic coding framework, we assumed for simplicity that the encoding and readout of information in kine-
matics are time-invariant. Mathematically, this implies encoding or readout models have a fixed set of parameters (e.g. encoding and
readout regression weights). However, naturalistic behaviour can evolve over time, such as when learning to perform a new perceptual
or motor task or reconsidering a choice mid-execution, often following a structure characterized by multiple timescales [133–135].
Characterizing how these time-varying patterns of behaviour are reflected in changes in kinematic encoding and readout requires
models that can learn (even in an unsupervised way) how to adjust their parameters over various timescales as a function of changes in
latent variables that capture changes in internal state variables (Fig. 5). These models include input-output Hidden Markov Models,
dynamic GLMs, and logistic regressions [136,137], which can adjust encoding weights or state variables across trials. Additionally,
methods such as preferential subspace identification can capture within-trial dynamics shared between kinematics and state variables
[138]. Extending these approaches to characterize dynamic intersection information could further elucidate how information trans-
mission evolves over time. We anticipate that this extension will open new avenues for research in joint action [139], making kine-
matic coding a valuable tool for studying real-time interactions and how individuals learn to coordinate their actions with others
[128].

Glossary

Canonical Correlation Analysis (CCA): A linear transformation that projects the kinematic data onto an orthogonal basis. In this
transformed space, CCA identifies the directions that maximize the correlation between the kinematic data and the state variables. The
components are ordered based on the strength of their correlation.

Communication: A cooperative activity where information is deliberately transmitted with the goal of ensuring that the
communication partner recognizes this intention.

Encoding boundary: The boundary that optimally separates between movements generated under different cognitive states in the
high-dimensional kinematic space.

Encoding model: A mathematical model used to estimate the posterior probability that a movement is performed under a
cognitive state based on the single-trial movement kinematics.

Information theory: The most complete and general mathematical theory of communication, quantifying how much information
stochastic variables carry about each other. It can capture the information carried by all linear and non-linear relationships between
the variables.

Intention: A cognitive state directed at action, operationalized as what one plans to do next with an object in the context of a
manipulative action sequence.

Kinematic encoding: The probabilistic mapping from cognitive states to movement kinematics.
Kinematic readout: The probabilistic mapping from movement kinematics to cognitive states.
Kinematic space: High-dimensional space where each dimension represents the value of a certain kinematic feature.
Movement kinematics: Quantification of how physical actions are performed by individuals, focusing on position vectors, ve-

locities and joint angles throughout the trajectory of movements.
Partial Least Squares (PLS): A linear transformation that projects the kinematic data onto an orthogonal basis. In this transformed

space, PLS identifies the directions that maximize the covariance between the kinematic data and the state variables. The components
are ordered based on the strength of their covariance.

Posterior probability: The posterior probability of a state variable is the conditional probability assigned to the variable given
some event.

Principal-component analysis: A linear transformation that projects the kinematic data on to an orthogonal basis. In this
transformed space, PCA identifies the directions that maximize the variance in the kinematic data. The components are ordered based
on the amount of variance they explain. PCA is commonly used to reduce the dimensionality of complex data while retaining the
majority of the variance.

Readout boundary: The boundary that optimally separates between reported observations of different cognitive states in the high-
dimensional kinematic space.

Readout model: Amathematical model used to estimate the posterior probability that a movement is reported as being performed
under a cognitive state based on the reaching kinematics observed in that trial.

Transmission of information: process by which information encoded in movement kinematics is read out by another agent.
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Box 1
Concepts of probabilistic framework

The information carried by a single-trial kinematic vector K̅→ about the state Y can be quantified by the posterior probability
P
(
Y| K̅→

)
of the state Y given K̅→, defined by Bayes’ rule:

P
(
[Y= ʹstateʹ] | K̅→

)
=
P
(
K̅→

⃒
⃒
⃒Y
)

P
(
K̅→

)

where P
(
K̅→

⃒
⃒
⃒Y

)
is the probability that the kinematic vector K̅→ = [K1, ..Kn] was obtained under state Y. These probabilities are

often computed parametrically by fitting an encoding model to the data. For a Generalized Linear Model (GLM) [88], the
encoding model can be expressed as:

P
(
[Y=ʹstateʹ]

⃒
⃒
⃒ K
̅→

)
= σ

(
β
→ ⋅ K̅→+ β0

)

where σ is the link function (e.g., sigmoid for logistic regression), β
→ is the encoding vector containing the regression coefficients

of each kinematic feature, and β0 is the bias, kinematic independent, term. Alternatively, probability estimates can be obtained
through more complex parametric models, such as artificial neural networks [140,141], or with non-parametric approaches such
as Kernel or Nearest-Neighbours methods [142,143].

The single-trial information can be used for Bayesian decoding to determine the most likely state Y given single-trial kinematics
K̅→:

Ydec = argmaxY P
(
Y
⃒
⃒
⃒ K
̅→

)

The performance of the encoding model can be quantified by the fraction of correct decoding or by the difference between
predicted (Ydec) and actual states (Y). For example, it can be quantified as the mutual information [44,45] derived from the
confusion matrix P

(
Y, Ydec

)
, which represents the probability of decoding Ydec when Y was actually present and the corre-

sponding marginal probabilities P(Y), P
(
Ydec

)
:

I
(
Y; Ydec

)
=

∑

Y,Ydec
P
(
Y,Ydec

)
log2

(
P
(
Y,Ydec

)

P(Y)P
(
Ydec

)

)

An advantage of using mutual information from the confusion matrix over fraction correct decoding (which considers only the
diagonal entries of the confusion matrix) is that mutual information quantifies the total information conveyed by both correct
and incorrect classifications, further enabling the capture of information specifically contributed by the error pattern [144,145].

For continuous state variables, performance can be assessed based on the accuracy of the model in estimating the true values of
state variables, including mean square errors, variance or deviance explained, or log-likelihoods [146,147]. The contribution of
individual kinematic features to encoding can be assessed using reduced encoding models. The contribution of a kinematic
feature to encoding across all movements can be computed, for example, as the Shapley value contribution [148], by comparing
model performance including and excluding that feature. For a particular movement, the contribution of a kinematic feature to
encoding can be quantified as its contribution to the posterior probability of that movement. For GLMs, this contribution has
simple geometric interpretations (Fig. 2) and can be computed as the scalar product of the single-trial kinematic vector and the
encoding vector in subspace of the considered kinematic feature.

Similarly to the encoding model, the readout model computes the posterior probability P
(
C| K̅→

)
of the observer reporting a

given state C given the single-trial kinematics. The performance of the readout model can be quantified using the same tools
described above.

Intersection information quantifies how much of the information about a state, encoded in single-trial kinematics, is read out to
inform the observer’s choices. From the above probabilities, it can be computed as the fraction of trials in which the state is both
correctly encoded and correctly reported by the observer [51]. Alternatively, it can be computed as the fraction of trials in which
the state is correctly encoded and correctly read out by the readout model. Intersection information, computed this way, is higher
when the encoding and readout vectors are well aligned [51,53,107,108,149].

In information theoretic terms, intersection information can be computed by first constructing a trivariate probability P
(
Y,C,

K→
)
of observing state Y and choice C in the presence of a single-trial kinematic vector K̅→. Partial information decompositions

are then used to quantify the shared information between state and choice that is contained in the kinematics [107].
Information-theoretic definitions capture all ways in which kinematics can be informative of states (above and beyond simply
reporting the most likely alternative as decoders do), but are more laborious and data-hungry than decoding-based measures
[45].
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