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Cognitive capacity and control in the evolution of
intelligence
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A diversity of intelligences arises from the constraints under which animals evolve. However,
characterizing how constraints shape intelligence is challenging because it requires relating
the restrictions on cognitive mechanisms to those that affect their evolution. We demonstrate
the potentially complex interaction between constraints by considering the case study of
working memory. Here, information-processing capability is limited by the storage capacity
available to hold representations, and the degree of control over those representations.
We present an evolutionary model that is mechanistically detailed enough to capture the
interactions between capacity and control. This allows us to make quantitative predictions
about the distinct patterns of information processing that might be observed across animals.
Further, our model’s cognitive detail allows us to fit recall performance on the retro-cue task,
illustrating how model predictions can be tested by comparing humans and rhesus monkeys
(Macaca mulatta). We find that capacity and control are synergistic and amplify each other’s
effects. However, evolution prioritizes investment in capacity because it is required for control
to be effective. The strength of synergy varies due to interactions between these cognitive
components depending on task complexity, cue reliability, and the availability of metabolic
energy. Consequently, our model predicts diversity in investment in capacity and control
across animals, and identifies a small number of regimes into which lineages could evolve.
We discuss how the computational structure of tasks exerts selection on cognitive designs.

Information capacity | cognitive control | evolutionary modeling | diverse intelligences | cognitive
evolution

A key challenge for evolutionary accounts of intelligence is understanding the
diverse kinds of intelligence demonstrated across animals. Recent work has

argued that intelligence evolves to cope with environmental complexity, which may
include ecological circumstances such as unpredictable seasonal fluctuations, or
a social life that requires collaboration with group members (1–5). Social and
ecological complexity act in concert when species enter a niche that favors both
innovation of solutions in response to environmental challenges, as well as acquiring
solutions via social learning (6–11). For instance, capuchin monkeys (Cebinae) can
innovate multistep methods to acquire protected foods (e.g., dehusking Panamá
fruit seeds), learn these methods from others, and have unusually large brains
(12, 13). Across species, larger brains co-occur with higher rates of innovation and
social learning, linking cognitive expansion to the demands of solving new problems
(13–15).

While environmental complexity may be the ultimate evolutionary cause of
intelligence, it does not explain what kind of intelligence should emerge – what
cognitive mechanisms should underlie intelligent behavior. An influential line of work
from mainstream cognitive science has shown the importance of the information-
processing capability of cognitive mechanisms. A central principle provided by
this work is that increases to the ability to process information vastly extend the
problems a computational system can solve (16–18). This is because when more
information can be held in memory to operate on, a greater number of abstract
relationships can be identified and used for problem solving. By analogy, when
you can see more jigsaw pieces at once, you are able to notice more objects in the
scene and successfully put together the puzzle. Therefore, the number of problems
a system can solve is bounded by its capacity: the upper limit on the amount of
information that can be stored, processed, or manipulated. However, the utility
of information processing resources also depends on how well they are managed,
meaning that capacity must be considered alongside control: the ability to regulate
information to achieve goals.
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Capacity and control provide different constraints on
information-processing capability, and so repeatedly appear
as important constructs in explaining performance across
cognitive domains. For instance, in the domain of planning,
capacity bounds the number of steps an agent can consider,
with control being the ability to prioritize favorable sequences
and important decision points (19, 20). In visual working
memory, capacity is the bound on the details of the scene that
can be stored, while control is the ability to internally draw
attention to important aspects of the scene (21). Broadly,
the degree to which a system can store and manipulate
higher-fidelity representations of a task governs its ability
to produce solutions (supported formally by the space
hierarchy theorem (22)). For example, the ability to detect
the repeating pattern in the string ‘AABAAB’ requires
being able to hold three symbols. As it cannot be done
with two, performance is limited by capacity. Similarly, if
representational noise were to corrupt a symbol within the
stored ‘AAB’ pattern (risking it becoming ‘AXB’), control
processes become crucial to avoid this information loss. Taken
together, this suggests a link between information-processing
mechanisms and problem solving across taxa. A study of
36 species found a positive association between self-control,
brain size, and dietary generality that requires broad problem-
solving (23). Further, performance across multiple tasks loads
onto a single information-processing construct that correlates
with brain size across humans, chimpanzees, monkeys, dogs
and rodents (24, 25). However, the details of the mechanisms
driving these relationships remain elusive (26).

Recently, it has been argued that mechanistic accounts
of intelligence based on information processing dovetail with
evolutionary explanations that take environmental complexity
to be the driver. Highly intelligent animals are under selection
to solve the novel problems generated by social and ecological
heterogeneity (6–11), while expansions to both capacity
and control could equip animals with the cognitive abilities
required for success at novel problems (16). For instance, such
expansions could support the ability to capture higher-order
causal relations, as well as the learning and generalization of
complex hierarchical sequences (27–29). The foregrounding
of capacity and control makes mechanistically precise the
prior suggestion that information processing must expand in
response to a higher volume of incoming information from
social learning (8–10). However, it leaves open the question
of whether these cognitive components would be expected to
jointly evolve, whether through synergy or trade-off.

Considering how capacity and control jointly evolve
provides a potential path to identifying why different kinds
of intelligence might emerge. If there are different adaptive
niches in the landscape of capacity and control, we might
expect to see lineages diverge into these niches. However,
understanding how capacity and control have changed over
evolutionary time is a challenge because it requires a detailed
understanding of both cognitive mechanisms and evolution.
Recent progress appears to have occurred due to efforts to
create evolutionary theory that ‘enquires within’, grappling
with the details of cognitive operation rather than abstracting
over them by taking the ‘phenotypic gambit’ (30–32). A
fruitful approach to studying cognition is to consider how a
system operates given it must use its limited computational
resources to store and manipulate representations as it

performs tasks (33). Bringing evolution into view adds a
further layer of conceptual difficulty, as we must also consider
how evolution divides limited metabolic energy between the
structures underpinning cognition over evolutionary time.
To be favored, the energetic cost of investing in capacity or
control must pay for itself in terms of the fitness gained by
an animal. The pressure to balance metabolic investment
introduces the further consideration of functional trade-
offs between capacity and control. Selection works on
combinations of traits in the form of whole organisms, so the
way in which control processes are facilitated or hindered by
available capacity will determine their joint evolution.

Here, we examine the rich interaction between capacity
and control, presenting the implications for the evolution of
intelligence. We draw on cognitive models of working memory
to define an evolutionary model that clarifies the conditions
for investment in capacity and control. This approach allows
us to find that a rich interaction emerges even in this stylized
setting, and thereby make predictions about the diversity of
capacity and control across taxa. Consequently, our approach
is complementary to the information capacity hypothesis,
which focuses on improvements to information processing
leading to greater problem solving and intelligence (16).
We illustrate how our model’s predictions can be empiri-
cally validated by comparing working memory performance
of humans and rhesus macaques (Macaca mulatta). By
connecting mechanistic and evolutionary perspectives on
cognitive constraints, our work helps explain how the diversity
of intelligences seen in nature reflects the availability of
resources, and interaction between components of cognition.

Model

Our model studies selection on an animal who must store
a representation of multiple objects in its environment,
updating its representation when new information emerges.
We build on research into visual working memory and
attention, which has benefited from precise formal models
and experimental tasks (34–38). We communicate our
model through the example of an animal attempting to
track the location of fruits during foraging (Fig. 1). The
animal experiences the same events as in the well-studied
retro-cue task, which is designed to draw on the important
functions of working memory (36). The observer must store
a representation of multiple items from its visual scene,
allocating cognitive resources between items. Representations
degrade due to accumulating noise that leads to errors, while
control processes actively allocate cognitive resources across
items to support recall. If the scene is complex and contains
many items, representations erode rapidly. The observer
receives a cue indicating which item in memory is likely going
to need to be recalled. This cue arrives during retention
and acts retroactively, providing information that control can
use to prioritize the cued item. Using retro-cues requires
operations within an internal cognitive workspace that go
beyond cues that direct attention while the scene is visible
(e.g., sensory filtering). The cue is only partially reliable,
meaning uncued items must sometimes be recalled. As correct
recall leads to energetic benefits (e.g., fruit), we examine how
selection metabolically invests in capacity versus control, and
the consequences for information-processing capability.
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Scene contains items for storage in 
memory. Task complexity increases 
with number of items, producing load. 

Multiple fruits occur in different locations
Group foraging

Array with multiple colored circles

Distractions divert attention,
e.g. a potential predator

Array removed for retention interval

Rustling cues which fruits may be 
taken, even though vision is obscured 
or diverted to other priorities

Arrow cues location of colored circle 
likely required for recall

Representing remaining fruits allows 
outracing competitors

Recall leads to monetary reward, when 
correct color selected from alternatives 

Retro-cue task

Representation retained in absence 
of visual input

Partially reliable retro-cue allows 
updating of internal representation

Successful recall leads to benefits

$

Fig. 1. As animals engage in group foraging, working memory operates to overcome similar challenges as the retro-cue task is designed to pose. Panels illustrate natural
situations where it is beneficial to encode and manipulate representations of the environment, with insets depicting key screens seen by participants in the retro-cue task.

To make our model tractable, we idealize away realistic
details of this scenario. For instance, working memory
is particularly useful when a task has not yet become
consolidated, but we omit learning dynamics to focus on
the selection produced by encountering novel tasks (35).
Although in reality capacity and control modulate in response
to task demands, we made the simplifying assumption that
individuals inherit a fixed capacity and control value that
is interpreted as their lifetime expectation. Nonetheless, in
the context of models of the evolution of memory, ours is
cognitively rich (39–42). Below we outline the model, with
detailed derivations in the SI Appendix (Sections 1-3).

Cognitive processing. Our cognitive model assumes the
accuracy of recall results from the allocation of limited
cognitive resources among items in working memory (34).
This produces interference and forgetting, which may arise
from a variety of possible neural constraints (43, 44). Capacity
is the total amount of resources present, while control
is the ability to direct resources to combat noise that
corrupts representations (Fig. 2). Our model is supported
by forerunners that fit empirical trends in working memory
tasks (45–47). We provide a new mathematical continuous-
time formulation that allows us to leverage connections to
the Ornstein-Uhlenbeck process and optimal control theory
(48, 49). The load on memory increases as the number of
items that may need to be recalled m gets larger. We track the
resources allocated to each item by a vector x = [x1, . . . , xm]⊤.
The sum of allocations (total resources) is the animal’s overall
capacity η =

∑m

i=1 xi. Recall results from how resources are
distributed among item representations. The probability of
recalling a given item i increases with the amount of allocated
resources. In particular, we assume that the probability of
recall F increases monotonically with resource xi. But recall
can never be perfect, leading to F (xi) = 1−e−xi . That is, we
simplify decoding to a function that captures the commonly
arising property of diminishing returns with allocated capacity
(43, 50).

To calculate an animal’s expected recall, we must consider
that cues are not always valid, such that the observer must

sometimes recall an uncued item. Letting q be the reliability
of the cue, the expected recall over cue presentations is:

R(x) = qF (x1) + 1 − q

m − 1

m∑
j=2

F (xj). [1]

We assign the cued item to be item 1, which has probability
qF (x1) of being cued and recalled; otherwise, an uncued item
j must be recalled with probability (1−q)

m−1 F (xj). Because
R(x) is concave on our domain, recall improves when control
drives the current resource allocation x towards an optimal
allocation x̂. That is, x̂ is a desired setpoint that the system is
controlled towards (SI Appendix, Sections 1-2). For instance,
in the absence of a cue it is optimal to have a uniform

allocation x̂ =
[

η
m

, . . . , η
m

]⊤
. With a perfectly reliable cue,

q = 1, all resources should be allocated to the cued item
x̂ = [η, . . . , 0]⊤.

We assume resources stochastically change in their alloca-
tion and thereby corrupt representations due to factors such
as noise in neural mechanisms and interference with other
tasks. The deterministic action of control and corrupting
influence of noise can be modeled by a stochastic differential
equation. In particular, for each item i, resource dynamics
over cognitive processing time t are:

dxi

dt
= κ

(
x̂i − xi

)
+ εi + λi. [2]

While R(x) (Eq. 1) is the chance of recall given a resource
allocation, dxi/dt (Eq. 2) governs how allocations change.

We parameterize control as κ, the rate of change of the
system in a straight line towards the optimum allocation
strategy, κ(x̂i − xi). However, each allocation is continuously
perturbed by Gaussian white noise εi(t), so the stochastic
component of change is driven by a Wiener process. This
produces a minimal instantiation of control, encompassing op-
erations that promote task-relevant representations. Capacity
η is conserved over processing time t by subtracting the mean
change across allocations λi = − 1

m

∑m

j=1 κ(x̂j − xj) + εj .
Once an item has no resources allocated it is completely
forgotten (when xi = 0 it remains there at an absorbing
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Fig. 2. Schematic of deterministic versus stochastic components that combine to
give cognitive resource dynamics (SI Appendix, Sections 1-3). Overall capacity is
visualized as an abstract volume. We depict storage of three items (m = 3), where
each item i takes up a proportion xi of the observer’s capacity. (A) The deterministic
influence of control on resource allocation. Before information is supplied by a cue,
control moves resources towards a uniform allocation. After the cue, resources are
allocated to the cued item (i.e., item 1). (B) The stochastic component of change
in resource allocation due to noise, in the absence of control. Noise produces a
random change to the assignment of resources, with perturbations drawn from a
normal distribution (1SD indicated). Our model’s full resource dynamics combine
deterministic control (A) with noise (B). Over time, noise causes items that control is
trying to protect to erode in memory, resulting in forgetting.

boundary). The observer’s strategy changes in response to
information provided by the cue. Before the cue, the observer
is engaging in a pure recall task attempting to remember all
m items using the appropriate optimal allocation strategy
x̂i = x̂i,pre (SI Appendix, Sections 1-3). Receiving an
informative cue leads to a change in the optimal allocation
strategy x̂i = x̂i,post. Finally, at a uniformly random time
within period T the observer must engage recall to respond.

Evolution. Evolution must balance the energy invested in
cognition with the benefits it provides. Recall that yields
metabolic benefits (e.g., fruit) increases fitness, but at the
expense of investment in capacity and control:

W (η, κ) = R̄(η, κ) − c(η + κ) [3]

In particular, benefits are given by the expected recall R̄(η, κ),
now also taken over noise in cognitive processing and the
time of response. Here, c is the metabolic cost per unit
of investment in cognition relative to the benefits of recall,
so weights total investment, η + κ. We also examined
separate costs for each component. Our model entails no
frequency dependence or genetic constraints, and assumes a
constant supply of genetic variation. Therefore, we formulate
an evolutionary optimality model where populations follow
fitness gradients. The cognitive processing that leads to recall
R̄(η, κ) is a complex stochastic process, so we gained an
understanding of optimal investment in capacity and control
via Monte Carlo simulation and an evolutionary algorithm
(SI Appendix, Sections 3-5). Interestingly, our formulation is
structurally similar to models capturing the modulation of
capacity and control during tasks, and shares broad structure
with error-driven learning (47, 51, 52). These models take
the optimization objective to be utility rather than lineage
fitness.

Results

Capacity and control synergize. A central motivation for our
model is understanding how capacity and control interact,
and if this leads to functional trade-offs or synergies that
shape their evolution. Disentangling the roles of capacity
and control is a challenge for mainstream cognitive science
in its own right (18, 45, 53). In building towards our
evolutionary predictions, we first consider their relationship
to recall, allowing them to vary freely without metabolic
cost (Fig. 3 A and B). We find capacity and control are
synergistic: an increase in one enhances the efficacy of
the other. For any amount of capacity, increasing control
leads to improved recall. This means there is no trade-
off such that one cognitive trait produces interference that
makes the other detrimental. A larger capacity means more
resources to maintain representations, with control allowing
the directing of resources in ways that support recall (e.g.,
towards the cued item). Synergy arises because noise has
less of an eroding effect on representations in high-capacity
systems, thereby increasing the effective strength of control.
Although our model is continuous, consider the analogy of
a representation held in a discrete 2-bit memory: two noise
events can completely corrupt it, whereas a 100-bit memory
would require at least 100 noise events. Control attempts to
direct resources but is fighting against buffeting noise. When
the effect of noise is reduced by higher capacity, the same
amount of control produces more effective allocation.

The strongest synergy occurs at intermediate values of
capacity and control (Fig. 3B). This is because with too
little capacity, control cannot provide much help as noise
dominates; whereas with substantial capacity, weak control is
already effective. A subtle finding of our model is thus that
increasing capacity has a non-monotonic effect on the degree
to which control is beneficial.

Capacity investment prioritized in joint evolution. Our model
makes predictions about the pattern of capacity and control
across species. We report the optimal capacity-control
investment as a function of the metabolic benefit generated
by cognition relative to the per-unit cost of investment
(Fig. 3 C and D). Broadly, when successful recall leads to
substantial benefits (e.g., highly-caloric fruit) this can be
expended on producing a sophisticated brain, so evolution
favors higher levels of both capacity and control. However,
relative investment varies, with evolution prioritizing capacity
across all amounts of metabolic benefit. This is because
recall can be achieved if there is sufficient capacity, but
control cannot operate without a space in which to maintain
representations. However, control is still highly valued by
evolution, with the fittest cognitively-sophisticated systems
investing in both components.

Capacity prioritization should be found across many
models where capacity is conceived of as the total available
resources, with control being the strength of the deterministic
drift that fights diffusive noise. Our mathematical analysis
shows that expanding the space of resources broadly produces
much greater gains than bolstering the corrective pull (SI
Appendix, Sections 7-9). Formally, with regard to the
ability to concentrate resources around the optimal allocation,
capacity contributes linearly η, whereas control suffers severe
diminishing returns because it contributes sublinearly

√
κ.
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Fig. 3. Capacity and control interact to shape recall and evolutionary investment.
(A) Examining the improvement in recall with an increase in control, ∂R̄

∂κ , allows
us to see how capacity and control moderate each other’s efficiency (see SI
Appendix, Sections 6-8). Synergy is present as recall improves with control for
all values of capacity ( ∂R̄

∂κ > 0 for all η and κ). Warmer colored contours indicate
larger positive values. (B) Representative slice of A, showing strongest synergy at
intermediate values. (C) Evolutionarily optimal values (example sets m = 4, q = 1,
T = 3). Maximum metabolic benefits are normalized to be yielded by perfect
recall R̄ = 1; we plot the fraction of maximum returns for a unit of investment,
1 − c. Capacity and control both increase when recall leads to higher metabolic
benefits, with capacity receiving greater investment. (D) Portfolio of investment.
At low metabolic benefits pure capacity systems are favored. Moderate benefits
allow control boosted recall. High metabolic benefits lead to heavily capacity-
based cognition. Although control processes continue to be enhanced, there is
substantial relative investment in capacity. These three regimes emerge because
capacity is prioritized, and because of strong synergy at intermediate values (note
correspondence of form to D). Figure shows smoothed solutions, for underlying
evolutionary simulation output see Fig. S1.

We assume a simple exchange rate for investment in capacity
and control, set by the metabolic cost parameter c. We
also examine an extension with separate costs. Capacity
prioritization broadly holds, and this prediction should only
be reversed if control is substantially cheaper.

Information-processing niches. We can identify three regimes
of investment in capacity and control that species could
occupy (Fig. 3 C and D; SI Appendix, Sections 7-8). When
the metabolic benefits achievable by cognition are low, we
predict a passive-storage regime, in which there is capacity in
the absence of control. For species whose cognition generates
intermediate levels of benefit, investing in control becomes
highly beneficial as it synergizes with capacity, leading to a
control-enhanced regime. As we consider species for whom
cognition generates high metabolic benefits, synergy continues
to operate so the value of both capacity and control continue
to increase in absolute terms. However, in relative terms, the
value of investing in capacity is higher. This leads species with
energetically-expensive nervous systems to enter a capacity-

heavy regime. That is, noise is substantially reduced by
high capacity, so control is already efficacious, leading to
low marginal gains for additional investment. A productive
way of understanding the diversity of animal intelligences
is by considering cognitive transitions over evolutionary
history (54–58). Our three regimes suggest a progression
over evolutionary time (e.g., capacity first evolves setting
the stage for control to be favored). How frequently species
occupy these different theoretical regimes in nature remains
to be determined.

Connecting the model to behavioral data. The richness of
the description of cognition within our evolutionary model
allows us to estimate capacity and control from the behavior
of different species. To illustrate how our predictions can
be validated, we took advantage of existing data on the
performance of 10 monkeys on the retro-cue task (59),
adapting the design to run a new experiment with 346
human participants (SI Appendix, Sections 10-13). Stimulus
appearance and presentation times replicated those given to
monkeys, with adjustments to allow responding by humans
online using keyboard and mouse instead of a touchscreen.
During a trial, participants had to retain up to four images
in memory (Fig. 4). This was followed by a partially reliable
retro-cue indicating which image is likely to be required
for recall by flashing at its spatial location. Load m was
manipulated to be two, three, or four image items. Cue
reliability q was manipulated to be .70 or .92. Pre-cue
retention interval was manipulated to be 300 ms, 700 ms,
or 1100 ms, with corresponding changes in post-cue interval
such that their sum was 1350 ms. A participant’s recall of the
original array was either correct or incorrect, allowing us to
approximate expected recall over trials. Human participants
undertook a single 120-trial session. The monkeys’ sessions
were identical in length and they did up to 48 sessions.

We implemented the cognitive processing part of our
evolutionary model as a hierarchical statistical model using
Stan (60), fitting it to human and monkey recall data to gain
direct estimates of capacity and control for each species (SI
Appendix, Sections 11-13). We took advantage of a recently
pioneered technique by using an accurate neural network
surrogate to produce a deterministic likelihood function that
approximates the expectation of our stochastic simulation
(61).We verified that our model could explain qualitative
trends in human and rhesus monkey memory performance
(SI Appendix, Section 12).

We found that humans displayed both higher capacity η
and control κ than rhesus macaques, such that their overall
investment in working memory was greater (Fig. 5). This
matches model predictions, given humans invest more heavily
in their brains, and occupy a complex environment due to
cumulative culture (6–11). It also aligns with previous work
comparing these species using a different capacity measure
(62). Species differences were further supported by a model
comparison that found the best performing model assumed
humans and monkeys differed in both capacity and control (SI
Appendix, Section 14). In addition, we found that capacity
values exceeded control for both species (Fig. 5). This is
consistent with our model’s prediction that expanding the
amount of resources should be prioritized over increasing the
rate at which resources are allocated.
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Fig. 4. Trial structure for the retro-cue task undertaken by humans and rhesus
monkeys. During the encoding, observers saw up to four images of natural scenes
in the exterior squares (two depicted). After retention, a flashing retro-cue appeared
at one of these locations. The observer’s recall was tested by asking if the image
was present during encoding. The cue was partially reliable. Depending on trial-
type condition, the cue either validly or invalidly indicated the image to be recalled.
Together, valid and invalid cues comprised a total of 60 trials for which the correct
response was ‘Seen’. The cue could also be irrelevant, so there were a further
60 non-match trials where the correct response was ‘New’. These trial types were
presented randomly within-participants. Load and pre-cue delay were manipulated
in a mixed design, being presented in randomized blocks when within-participants.

Using these behavioral data we provide an example of how
to find empirical signatures of our three theoretical regimes
for capacity and control. The regimes predicted by our model
are identified by the relative investment in control, compared
to total investment including capacity, κ/(κ + η) (Fig. 3 D).
Both species demonstrate control by using a retro-cue, so they
are outside the passive-storage regime, and at least occupy the
control-enhanced regime. Humans invest more in aggregate
than monkeys. Consequently, if the human proportion of
investment in control is also greater, humans are positioned
closer to the upper extreme of the control-enhanced regime.
Alternatively, if the human proportion of control is lower,
they have entered the capacity-heavy regime.

These behavioral data appear consistent with both
humans and rhesus monkeys falling within the control-
enhanced regime (human proportion control, M =
0.26, 95% CrI[0.19, 0.34]; monkey proportion control, M =
0.05, 95% CrI[0.02, 0.16]; human-monkey difference, M =
0.21, 95% CrI[0.09, 0.30]; SI Appendix, Fig. S11). This is
intriguing, given that humans invest substantially in their
brain, we might have predicted they reside in the capacity-
heavy regime. The central principle of the information
capacity hypothesis is that increasing capacity vastly expands
task performance (16–18). This seems to provide theoretical
backing to the notion that capacity should be disproportion-
ately favored under high investment. By contrast, our results
on their face suggest that neither species have entered a regime
where increases to control have hit severe diminishing returns.
However, we note limitations that suggest caveats to this
interpretation. The data reported here are limited in that the
procedure was designed specifically for monkeys, and did not
push humans close to their extremes (e.g., with a maximum
load of 4 items). Further, monkeys received extensive training
(48 sessions compared to 1 session for humans). Our intention
here is to illustrate an approach to detecting capacity and
control, so further research using tailored designs is required
to arbitrate between these hypotheses. Recent work has
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Humans
Rhesus Macaques

Fig. 5. Capacity and control for humans and rhesus macaque monkeys. Shows
highest density intervals (HDI) of joint posterior of capacity and control at 50%, 80%,
and 95% in expanding contours. Humans have higher joint values of capacity and
control than monkeys. Species contrasts show humans have superior capacity
to monkeys (M = 3.78, 95% CrI[2.24, 6.11]), and control (M = 1.20,
95% CrI[0.49, 2.07]). Humans invest more in capacity than control (M =
6.54, 95% CrI[4.70, 9.44]), as do monkeys (M = 3.99, 95% CrI[3.15, 4.92]).

highlighted that careful experiments are required to isolate
differences in memory between species from confounds arising
from perception or methods of response (63, 64).

Discussion

The breadth of problems a species can solve is related to the
evolution of its capabilities for processing information. While
this intuition permeates theory about animal intelligences,
little work has formally examined how it connects to con-
temporary research about processing in cognitive systems.
Our approach used a model of the evolution of capacity and
control, which are recurring constructs in explanations of
the constraints on computational capabilities. We produced
a minimal instantiation, focusing on the case of working
memory. Capacity was defined as the availability of resources
to store a representation of items from the environment,
with control being a force that counteracts internal noise to
allocates resources using incoming information. Even in our
stylized formulation, we showed that there is a rich interaction
between capacity and control, with multiple distinct regimes
being favored under different environmental conditions. We
now consider how the lessons learned in this case study might
generalize to the evolution of intelligence more broadly.

Taxonomizing diversity in capacity and control. Constraints
arising from the interaction of cognitive components shape
the variety of forms of intelligence that have evolved across
animals. We find that capacity and control synergize,
improving each other’s efficacy, so cognitively sophisticated
species invest in both cognitive components. However,
evolution prioritizes relative investment in capacity over
control. This occurs in our model because the effects of
control are contingent on preexisting capacity.

The varying strength of synergy between capacity and
control leads our model to predict that species may evolve into
three regimes with regard to the makeup of their information-
processing capabilities. Unlike prior verbal taxonomies
(55, 56), we give mathematically precise definitions of capacity
and control along with quantitative predictions to identify
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each regime (Fig. 3 C and D). This is achieved by abstracting
over different types of control processes (e.g., distractor
suppression, representation protection). Nonetheless, the
major transitions identified in the control of information
over brain evolution broadly cohere with our three regimes
(57, 58).

We now speculate about the placement of a few major
animal groups, pending detailed empirical work exploring
these placements. First, the passive-storage regime that arises
when there is low investment in working memory appears
to approximately describe cognitively basal animals such as
jellyfish and sea anemones. The nervous system of these taxa
is a simple network with no brain, so while they display short-
term storage via sensitization, they lack control functions such
as selective attention or shielding from interference (65, 66).
Nematodes, flatworms and tardigrades are harder to place.
While their nervous systems are rudimentary, they have a
centralized controller in the form of a brain-like ganglion (67).
These taxa can track context using multiple cues, gating this
information to allow integration with memory (68). They
appear to be able to shield representations from decay, but
manipulating representations within memory using a retro-
cue may be out of reach.

Animals that invest heavily in cognition with large brains,
such as corvids, elephants, cetaceans, and apes, are predicted
to be at least within the control-enhanced regime. In these
taxa, there is evidence for working memory control processes
such as rehearsal, resistance to interference and control
of attention (26, 59, 69, 70). Our model predicts that
given continued investment, a lineage will eventually hit
diminishing returns for control and enter a capacity-heavy
regime. The principle that increasing information storage
vastly expands problem solving appears to support the
notion that cognitively sophisticated animals should more
strongly prioritize capacity investment than control (16–18).
By contrast, our behavioral data suggest rhesus monkeys
and humans have a relative proportion of investment in
control that locates them in the control-enhanced regime.
Control processes can be more varied and powerful than
in our stylized model (71), so there may be extra value
that keeps many lineages continually investing in control.
Forming strong conclusions about the mapping of taxa to
regimes will require further tailored experiments. We hope
that such experiments can be facilitated by our efforts to
provide a precise and testable understanding of the diversity
of information-processing capabilities across diverse lineages.

Complex tasks and complex minds. Highly intelligent animals
succeed by solving complex problems within their environ-
ment, an ability that could be underpinned by expansions to
capabilities for storing and manipulating information. Our
model points to elaborations of this information capacity
hypothesis (16) by delineating how selection acts on capacity
and control given their role in solving ecological challenges.
We focused on the task of tracking multiple items, which
occurs in many contexts, such as group foraging where the
location of food is monitored. However, tasks in nature vary
in ways that may create different demands on processing,
such as in hierarchical structure (27–29), or the requirement
for integration across modalities (72). Even within multi-item
tracking, task compressibility depends on item arrangement
and distractors, with cognition able to respond by chunking

visual regularities to make effective use of limited capacity
(38, 73). Future research should examine how aspects of task
structure shape the evolution of cognitive design.

Our model suggests superior information-processing ca-
pabilities are favored in response to complex tasks if there
is reliable information. In the SI Appendix (Section 15),
we explore a way to summarize task complexity and map
it to cognitive ability using information theory. Although
tasks and minds come in many forms, we propose a coherent
approach that could be applied across animals. We formally
define task complexity as the number of bits required to
encode the solution. For instance, in our memory task with
4 items, the complexity is 2 bits. Further, we define the
observer’s information-processing capability to be the infor-
mation contained in the task weighted by their performance.
Consistent with a variety of prior models, we find cognitive
abilities for processing information are favored when cues
are informative (1, 2, 40–42, 74–77). This is because while
complex tasks demand capacity for storage, reliable cues
provide a role for control to implement information to allow
success. Furthermore, we apply our measures to empirical
data, finding that humans’ information-processing capability
is superior to that of rhesus monkeys (Fig. S13).

Limitations and future directions. Explaining the diversity of
animal intelligences requires understanding how constraints
shape both the breadth and particular kinds of problems a
species can solve. Our model focuses on broad information
processing via operations in working memory, and thus
foregrounds general capabilities for solving novel problems.
However, animal cognition is not solely content-neutral, but
instead contains structure and biases that aid in solving
the idiosyncratic problems faced by that species (78–81).
For instance, monkeys rapidly detect snakes, supporting a
system for avoiding this threat (82). Understanding how to
relate domain-specific and domain-general cognition remains
a crucial challenge in the study of diverse intelligences, where
we are interested in the scope of the problems taxa can solve.
Recent theory argues that greater cognitive specialization
may occur when information capacity is limited, because
it becomes difficult to store distinct representations for
different tasks (83). This suggests an extension of our model
considering multiple tasks that require partially overlapping
information. As information-processing capabilities are
restricted, specializing on a subset of ways of being intelligent
may be adaptive. Furthermore, specialization is thought to
occur by the evolutionary canalization of abilities that are ini-
tially constructed using domain-general capabilities (81, 84).
A complicating factor requiring theoretical clarification is that
such capabilities themselves may be partially learned, with
capacity and control improving over development (45, 53).
Finally, we predict that capacity and control vary depending
on the availability of metabolic energy, task complexity, and
informativeness of cues. This highlights that diversity in
animal cognition could arise from differences in domain-
general abilities.

Conclusion. Selection hones animal minds but its action is
shaped by idiosyncratic constraints, together this guides
lineages into diverse forms of intelligence. However, the notion
of constraint is a placeholder for a plethora of factors that
shape the direction of evolution. Following the present model,
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we are in a better position to form a principled understanding
of the broad types of constraint acting on the evolution
of intelligence (83, 85–87). We found an important class
of constraints is the availability of resources required for
performance. Within cognitive processing, working memory
capacity is a limited resource that constrains storage. At the
evolutionary level, metabolic energy is a limited resource that
must be judiciously invested in different cognitive components
to improve fitness. The availability of energy ultimately
bounds the sophistication of the brain and cognition. A
second broad class of constraints comprises functional trade-
offs or synergies emerging from the interaction of components.
These functional interactions govern the performance of the
overall system. We found that capacity and control interacted
such that the strength of synergy varied depending on level
of investment, generating the possibility of different regimes
lineages may enter. Only by creating theory that connects
constraints on cognition with their impact on the course of
evolution can we understand the variety across animal minds.

Supporting Information Appendix (SI). SI Appendix available
online. Code and data available in our repository.
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