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Learning enables organisms to adapt to a dynamic world by
forming and updating internal representations of their environ-
ment. Statistical Learning (SL) and Reinforcement Learning
(RL) offer complementary perspectives on this process. RL is
fundamentally goal-directed, focused on maximizing rewards
through Reward Prediction Error (RPE). SL extracts the sta-
tistical structure of the environment without explicitinstruction or
reinforcement. Model-Based RL additionally incorporates State
Prediction Error (SPE) to refine an internal model of the world,
overlapping with SL, which may use SPE or associative
mechanisms devoid of error computations to extract structure.
Neurobiologically, current research shows that RL is linked to
midbrain dopaminergic signaling, whereas SL is supported by
cortical and subcortical networks including early sensory areas
and the hippocampus. This review compares RL and SL across
their historical foundations, objectives, computational princi-
ples, and neural implementation, suggesting ways to better
delineate the boundaries and interconnections between these
two fundamental forms of learning.
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Introduction
Learning is an essential feat of cognition, enabling ani-
mals to adapt flexibly to an ever-changing world by

forming internal representations of their environment
and using them to guide goal-directed behavior. These
representations, shaped by prior experience, influence
how information is processed and decisions are made,
fundamentally impacting behavior [1,2]. Yet, the
mechanisms that allow us to construct, refine, and
update these internal models remain an open and active
area of research. Among the diverse approaches to
studying learning, two prominent frame-
works—statistical learning (SL) and reinforcement
learning (RL)—have emerged, offering complementary
perspectives on how we internalize and respond to the
structure of the world.

RL is a well-established field with a rich literature [3].
Briefly, the computational goal of RL is to discover re-
lationships between states (sensory events and possibly
their associated actions) and outcomes (rewards or
punishments). To this aim, the observer computes the
mismatch between actual and expected outcome (i.e.
reward prediction error, RPE) or between actual and
expected state (i.e. state prediction error, SPE [4]), or
action (Action prediction error, APE [5]). This can be
achieved through different algorithms that vary in
computational complexity and flexibility [6]. Regarding
neural implementation, mounting evidence suggests
that midbrain dopamine neurons may signal RPEs [7—9]
(but see Ref. [10]), or APEs [5].

Conversely, research on the computational principles,
algorithmic mechanisms and neural implementation of
SL is more equivocal. One factor hampering progress may
be the lack of consensus on the definition of SL. Some
have narrowly defined it as the parsing of the temporal
structure in continuous streams of stimuli, based on early
work on grammar learning in language acquisition
[11—13]. More recent accounts prefer a broader view,
where SL pertains to discovering statistical properties of
and associations between environmental states [14,15].
Although SLLand RL differ in their core objectives, i.e. SL.
aims to model environmental structure, while RL seeks
to optimize actions for reward, they may converge on a
partially overlapping computational goal: constructing
internal models of the environment. We propose that RL
may strongly benefit from an accurate world model
internalized via SL, improving the learning of stimulus-
action-outcome associations and supporting more flex-
ible, model-based behavior.
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Brief history and key characteristics of
statistical and reinforcement learning

The roots of SLL can be traced back to the mid-20th
century [16]: the concept of “perceptual learning” was
introduced by Gibson and Gibson as a primitive process
where organisms become sensitive to information
already inherent in their sensory input. During the
1960s, the term “implicit learning” gained traction,
particularly within linguistics exploring artificial
grammar learning, where participants learned to distin-
guish between grammatical and ungrammatical strings
of symbols without being explicitly told the underlying
rules. Researchers began investigating how individuals
acquire knowledge without conscious awareness or
explicit instruction [11,17]. The similarities between
Gibsonian perceptual learning [16] and the implicit
learning observed in these studies were quickly recog-
nized. Both processes emphasize the extraction of sta-
tistical  regularities from environmental input,
suggesting a common underlying mechanism. This
shared foundation led to the common term “statistical
learning”. In the subsequent decades, research on SL
moved beyond the realm of linguistics to encompass a
wide range of domains, including visual and auditory
perception [15,18,19], music [20] and motor learning
[21]. Collectively, research converges on the idea that
SL is a process aimed at building internal models that
recapitulate the statistical properties of the environ-
ment [15]. These models help understand relationships
between variables, make sense of complex structures,
and predict future states.

Parallel to the evolution of SL research, two key threads
shaped the foundations of RL in the mid-20th century.
The first stemmed from studies of animal learning
through experience and trial-and-error, exemplified by
Thorndike’s Law of Effect [22], which proposed that
animals are more likely to repeat actions that lead to
satisfying outcomes. The second thread focused on the
mathematical formalization of decision-making under
uncertainty, marked by Bellman’s Dynamic Program-
ming [23], introducing the concept of value functions
and optimal policies. By the late 20th century, re-
searchers began to combine these ideas leading to
various computational algorithms (see Section
“Computational principles”). The integration of these
computational frameworks with neuroscience gained
momentum in the 1990s. In particular, it was discovered
that midbrain dopaminergic neurons encode RPEs by
modulating their firing rates according to positive or
negative deviations between expected and received
outcomes [7]. Demonstrating the neural implementa-
tion of RPEs provided a direct link between the
computational and neurobiological levels.

Despite their independent histories, SL. and RL exhibit
a fundamental similarity: they use experience to

discover associations among events (which could pertain
to stimuli, actions, and outcomes). This poses a crucial
question: are SL. and RL fundamentally the same form
of learning, or are there meaningful differences be-
tween them?

Divergent goals of statistical and
reinforcement learning

Learning can be broadly conceptualized as using past
and current events to predict the future [27]. However,
not all information is equally useful to learn. Event sa-
liency modulates learning, as illustrated by the phe-
nomenon of overshadowing, in which two concurrent
cues compete for associative strength [28—30]. For
example, when a bright and a faint light are paired with a
subsequent sensory event (in SL) or an outcome (in
RL), the brighter cue typically dominates learning,
reducing or preventing learning about the fainter one.
Yet, saliency alone is insufficient: we could, in principle,
learn myriad salient regularities, but doing so indis-
criminately would be inefficient. Learning must there-
fore be guided by goals that determine which
information is worth acquiring and retaining (Figure 1a).

RL is fundamentally goal-directed, broadly character-
ized as learning what to do: how to map situations to
actions to maximize reward and minimize punishment
[3]. Across the broad family of RL algorithms (see
Section “Computational principles”), all share a central
feature: they aim to estimate which states and actions
optimize future rewards.

In contrast, the goal of SL is to learn kow the world is
structured, by creating internal models based on the re-
lationships within the input data [15,31]. One core
challenge in SL is to uncover how higher-level struc-
tures, such as words or visually perceived objects, are
constructed from lower-level features, such as pho-
nemes or line segments. Also here, several algorithms
have been proposed (see Section “Computational prin-
ciples”). For example, individuals could learn simple
transitions between adjacent events using simple asso-
ciative mechanisms, or apply more complex learning
algorithms to grasp more complex hierarchical struc-
tures [32].

These differences in goals between RL and SL are also
reflected by the conditions under which learning hap-
pens. SL can occur when animals are experiencing their
sensory environment without specific tasks or in-
structions. Indeed, learning can largely occur automati-
cally and without the intention to learn, and
consequently, the outcome of learning can remain im-
plicit [14,33—35]. This sensitivity to environmental
statistics is a pervasive property of the brain that oper-
ates over different timescales, both ontogenetically
[36,37] and phylogenetically [38]. In contrast, RL is
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Figure 1

Comparing statistical and reinforcement learning Ferrari et al.
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inherently interactive: it requires the animal to engage
with its environment, by choosing actions and evaluating
outcomes [6].

In summary, while both RLL and SL involve learning
structures from experience, they pursue fundamentally
different objectives. RL is driven by the goal of opti-
mizing rewards through decision-making, with a strong
emphasis on the relationship between state, action and
outcome. Instead, SL seeks to understand the world by
building internal models through passive observation
and statistical pattern recognition, emphasizing knowl-
edge acquisition over immediate behavioral goals.

What is learnt during statistical and
reinforcement learning?

Because SL. and RL pursue distinct goals, they may
prioritize different types of information from the envi-
ronment. That is, @/Aar is ultimately learnt strongly de-
pends on /4y it is learned. A compelling dissociation
between SL and RL has been observed in the context of
Kamin blocking and learning augmentation (Figure 1b),
which highlight how learning goals can shape the
assimilation of information. In Kamin blocking [39,40], a
classical finding in RL, a conditional stimulus A (e.g., a
sound) is first associated with an outcome X (e.g., a food
reward). When a second stimulus B (e.g., a light) is
subsequently presented together with A (A + B—X),
animals typically fail to learn the association between B
and X. In other words, learning of B-X is blocked by the
pre-existing  A-X  association. The influential
Rescorla—Wagner model explains this by postulating
that learning occurs only when outcomes violate pre-
dictions, i.e. when an RPE is present. Since A already
fully predicts X, no RPE is generated, and therefore the
B-X association is not learned. Blocking illustrates how
error-driven learning mechanisms suppress the forma-
tion of associations that are redundant for predicting
rewards. In contrast, learning augmentation refers to
situations in which the addition of a novel cue (B) to an
already predictive cue (A) enhances, rather than sup-
presses, subsequent learning about B and its association
with other events [30,41]. This effect has been
observed in SL paradigms involving the incidental
learning of stimulus—stimulus associations, in the
absence of any explicit reward. In such cases, the novel

cue B remains surprising and informative about the
structure of the environment, even if the subsequent
event X is fully predicted by cue A. Given the goal of
learning how the world is structured, learning the B-X
association enriches the observer’s knowledge of envi-
ronmental structure despite the absence of reward
prediction errors. Together, the contrast between Kamin
blocking and learning augmentation suggests that sys-
tems driven by different learning goals may assimilate
different kinds of information: while RL systems sup-
press learning about fully predicted events (consistent
with error-driven updating), SL. systems may continue
to extract structure from novel stimuli to refine their
internal model of the world.

Computational principles and neural
implementation of statistical and
reinforcement learning

Although both RL and SL involve updating internal
models based on environmental inputs, they differ in
how they use error signals, and in their underlying
computational and neural mechanisms, which are spe-
cifically shaped by their objectives.

Any RL model iterates through three key steps: First,
the agent chooses an action based on expected rewards
(action selection). Second, any received feedback from
the environment is encoded (value encoding). Third,
the difference between the actual and predicted out-
comes is computed and used to update the future es-
timates (value update; but see Policy Gradient
algorithms in which a behavioral policy is optimized
directly, without the intermediate step of value-learning
[42]). The entire process is driven by error signals,
which continuously correct discrepancies between ex-
pectations and outcomes, enabling adaptive learning
and decision-making. Classical RL. models, such as
Rescorla-Wagner [43] and Temporal Difference learning
[44], explicitly rely on the computation of RPE to adjust
predictions iteratively. In these instances of Model-Free
RL, the agent learns the expected value of actions by
directly calculating the association strength between
states and rewards. Conversely, in Model-Based RL, like
Dyna algorithm [45], error signals extend beyond RPE
to include State Prediction Error (SPE). This requires
the agent to learn a model of the environment, including

Comparison of statistical and reinforcement learning. a. Statistical learning (SL) and Reinforcement Learning (RL) have different goals: in SL,
observers estimate and predict relationships between environmental variables (‘how the world is structured’), without any reward signal or explicit in-
struction; in RL, agents develop an optimal decision-making policy for reward maximization (‘what to do’). b. In RL, agents selectively learn associations
that are useful for predicting rewards: learning of new associations is blocked by pre-existing associations that already minimize reward prediction errors
(Kamin blocking). In SL, observers can learn new associations to build an accurate model of the world (learning augmentation). c. In SL, regularities
within a sensory modality are encoded in the respective sensory areas (e.g. via increased BOLD response to unexpected events, adapted from

Ref. [24]); regularities across modalities are encoded in the hippocampus (which represents events predicted by cross-modal cues, adapted from
Ref. [25]). These effects may rely on sensory prediction errors or associative plasticity devoid of error computations. In RL, dopaminergic transients in
the human ventral striatum may signal not only reward prediction errors (e.g. changes in the amount of reward; see cloud size) but also sensory
prediction errors (e.g. changes in the type of reward, with equal value; see cloud color) (adapted from Ref. [26]). Vis: visual; Aud: auditory; V1: primary

visual cortex; CA1-3, DG, SUB: hippocampal subfields; PE: prediction error.
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state transitions and rewards, through prediction error
minimization. In biological systems (Figure 1c), striatal
dopaminergic neurons are thought to encode the RPE,
by responding to unexpected rewards and punishment,
signaling discrepancies that influence learning and
decision-making. Over time, RPE signals shift from
unexpected reward outcomes to cues that reliably pre-
dict rewards [7]. The mechanistic implementation of
SPE in the brain is less established, but mounting evi-
dence shows trial-by-trial correlations of the Model-
based SPE in the human striatum, lateral and medial
prefrontal cortex, orbitofrontal cortex and posterior pa-
rietal cortex [4,26,46,47].

SL models, on the other hand, may or may not explicitly
represent and use error signals. In error-driven models,
signals similar to SPE, but outside reinforcement set-
tings (i.e., without external rewards), enable systems to
correct discrepancies and refine predictions. For
example, simple recurrent network models learn
sequential dependencies by learning to predict the next
state, and iteratively updating weights based on pre-
diction errors [48]. Other SLL models operate without
representing explicit error signals. In attractor networks
[49], memory states evolve through dynamics shaped by
prior inputs. Over time, the network’s representations
become influenced by the statistical distribution of
previously encountered stimuli, effectively internalizing
environmental regularities. In chunking models (e.g.,
Ref. [50]), statistical relationships within a data stream
(e.g., transitional probabilities) can be learned by iden-
tifying high-probability co-occurrences through asso-
ciative memory consolidation and forgetting, devoid of
explicit computation of prediction errors. This contrasts
with RL, where error signals like RPE or SPE are
essential for updating values and driving goal-directed
learning. Crucially, these ‘errorless’ SL. models are not
unbounded in learning. Capacity constraints and
mechanisms such as normalization or forgetting (or
decay) limit and stabilize learning without the need for
error signals. Thus, the distinction between error-driven
and errorless SL. is mechanistic (based on whether an
explicit error signal is computed and used), not neces-
sarily algorithmic or mathematical. In biological systems
(Figure 1c), statistical associations among sensory
events (e.g. two adjacent auditory tones) may be enco-
ded through exposure-driven plasticity between co-
active neurons [35,51], with sensory cortices adapting
to reflect expected stimulus statistics. This typically
leads to perceptual facilitation [52,53] and reduced
neural activation [24,54—56] to expected than unex-
pected stimuli [76], a phenomenon known as “expec-
tation  suppression”  [57]. However, complex
dependencies, such as cross-modal, non-adjacent or
context-sensitive regularities, are unlikely to arise from
local plasticity within sensory circuits [14]. Due to the
limited temporal integration windows of early sensory
areas [58], and their restricted access to multimodal

Comparing statistical and reinforcement learning Ferrari et al. 5

inputs, the representations of higher-order structure
likely depends on more integrative brain areas. The
hippocampus shows a larger temporal receptive window
than upstream sensory cortices [58], receives inputs
from multiple sensory modalities [59], and is sensitive
to contextual contingencies [60]. Accordingly, initial
evidence suggests a dissociation between early sensory
cortices and the hippocampus, with only the latter able
to represent cross-modal associative predictions [25].
Furthermore, recent causal evidence shows that
disrupting dorsal hippocampal activity in mice impairs
their ability to learn auditory statistical sequences in an
unsupervised setting, without affecting perceptual
discrimination or motivation [77]. This demonstrates
that hippocampal circuits are necessary for encoding
structured temporal patterns, even in the absence of
reward or task. Notably, midbrain striatal activity may
act as the teaching signal that functionally connects
task-relevant brain areas, for example, those responsible
for processing stimuli across different sensory modalities
[61,62]. Together, the hippocampus and striatum may
be key regions for enabling the statistical learning of
complex (non-adjacent, crossmodal, contextual) sensory
regularities. In addition, posterior parietal, dorsolateral
prefrontal and orbitofrontal cortex may guide hierar-
chical contextual learning [63—65], allowing the emer-
gence of flexible action policies and schemas for
adaptive behavior [47]. In summary, while local sensory
plasticity, coupled with hippocampal and striatal signals,
may determine the emergence of internal models via
SL, the usage of these models to guide flexible infer-
ence and decision-making (including in Model-Based
RL) may depend on downstream frontoparietal regions.

Convergence and divergence

While RL and SL share computational principles, such
as the iterative refinement of internal models, they
differ in their reliance on error signals and the types of
learning they support. RL is inherently goal-directed,
using scalar RPE or SPE signals to optimize decisions
and actions. In contrast, SL. encompasses a broader
spectrum of mechanisms, from error-driven adjustments
to associative learning devoid of error computation.
Recent advancements in RL, such as Distributional RLL
[66,67], extend traditional approaches by modeling the
full distribution of possible rewards rather than their
expected value. By accounting for uncertainty and
variability in outcomes, this approach allows agents to
capture richer statistical properties of the reward land-
scape, similar to SL.. However, even in these models,
learning remains  fundamentally  reward-centric.
Formally, within the Markov Decision Processes
(MDP) framework, RL is about control: selecting ac-
tions (a) to maximize expected cumulative reward (R).
This requires learning and using components such as
the reward function R(s, a), state transitions P(s’[s, a),
and optimal policies Tt(a|s). RPEs and SPEs are used to
improve value estimates or refine a model of the
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Current Opinion in Neurobiology 2026, 98:103181



6 Systems Neuroscience 2025

environment that supports planning and action selec-
tion. In contrast, SL is concerned with modeling the
structure of the environment. Formally, this can be
framed as learning components of the environment’s
generative model; for example, learning P(s.y1]|s.), or
more generally P(O;.1) over sequences of observations.
This aligns with the world model used in Model-Based
RL, but SL differs fundamentally in that there is no
policy optimization or interaction with a task objective.
SL often occurs through passive observation, without
requiring action or feedback.

While Model-Free RL relies solely on RPEs, Model-
Based RL also incorporates SPEs to build structured
representations, bringing it conceptually closer to SL. In
principle, the model acquired through SL could serve as
the world model for Model-Based RL. Consistent with
this idea, classic notions of cognitive maps [68] and
recent work show that mice can form internal models of
spatial layout through free exploration and later use
them to rapidly learn the location of a water port [69],
illustrating how structure acquired without explicit
reward can subsequently support goal-directed behavior.
However, whether the models learned by SL and
Model-Based RL actually converge depends on the goals
of learning and the nature of the agent—environment
interaction. Crucially, Model-Based RL is shaped by
the exploration—exploitation tradeoff: the agent must
decide to explore the environment to learn more, or
exploit current knowledge to gain reward. This tradeoff
can systematically bias the learning toward task-relevant
representations, omitting latent structure not immedi-
ately useful or relevant to the reward. As a result, Model-
Based RL may implement only a discriminative model,
i.e. a parsimonious representation tuned for mapping
states (or state—action pairs) to outcomes or values. For
instance, in a categorization task, learners may acquire a
full generative model of category structure or instead
converge on a more efficient discriminative mapping
between stimuli and responses. Both strategies are
viable, but only the former retains the full structure of
the input space [70]. In contrast, SL. aims to build a
comprehensive model of the environment, independent
of any task demands or reward contingencies. The
resulting  representations may  preserve  high-
dimensional, richly structured information, vyielding
qualitatively different internal models from those ac-
quired via RL, despite identical sensory experience.
One RL algorithm that converges more closely with SL
is the Successor Representation (SR) [71—73], which
encodes the expected future state occupancy given the
current state, discounted over time. Because it does not
depend directly on rewards, SR offers a middle ground
between Model-Free and Model-Based RL. SL.-derived
models may constrain or initialize such representations,
providing a flexible and efficient substrate for policy
learning. In this way, SL is not merely a subset of RL

(i.e. Model-based RL) or redundant with it; it instead
represents a distinct learning pathway, optimized for
capturing structure rather than control.

Conclusions and future directions of
research

While the goals of Statistical Learning (SL) and Rein-
forcement Learning (RL) differ—SL focusing on
extracting environmental structure and RL on optimizing
behavior for rewards—the two forms of learning are deeply
interconnected. RLL may strongly build on the knowledge
internalized via SL,, as an accurate world model acquired
through SL can enhance Model-Based RL by facilitating
the learning of stimulus-action-outcome associations.
"This interdependence blurs the boundaries between SL
and RL, suggesting that they often operate in tandem
rather than as entirely distinct processes.

Future research should focus on better delineating the
boundaries between SL and RL and identify when they
operate independently, synergistically or competitively.
A key open question concerns the neural implementa-
tion of SL, particularly whether and how SPEs
contribute to learning across cortical and subcortical
networks. Importantly, it is unclear whether dopamine
plays a role in SL, similar to its established function in
RL, or whether SL relies on distinct neuromodulatory
systems. Interestingly, dopamine signals appear to play a
reinforcing role also during associative learning [26,74]
or spontaneous behavior [75] that are devoid of any
explicit reward. Investigating dopaminergic responses in
SL. paradigms may reveal shared error computation
mechanisms across both learning systems. Additionally,
examining the overlap between Model-Based RL and
SL. may clarify how predictive models of the world
support both reward-driven and unsupervised learning.
Computationally, understanding how  SL-derived
models support RL. (and vice versa) may provide
insight into the brain’s capacity to flexibly shift between
goal-free structure learning and goal-driven decision-
making. This can also inform Al, where systems that
flexibly integrate SL. and RL principles may better adapt
to complex, uncertain environments by combining
reward optimization with structural pattern recognition.
Ultimately, clarifying the relationships between these
frameworks will deepen our understanding of how the
brain adapts to complex environments.
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