bioRxiv preprint doi: https://doi.org/10.64898/2026.03.18.710397; this version posted March 19, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

How attention saves energy in vision

Eivinas Butkus'**, Zhuofan Ying'*5, Nikolaus Kriegeskorte!:23:4?
Departments of *Psychology, 2Neuroscience, 3Electrical Engineering,
4Zuckerman Mind Brain Behavior Institute; Columbia University, New York, NY, USA
5NSF Al Institute for Artificial and Natural Intelligence

*Correspondence: eivinas.butkus@columbia.edu

Abstract

Attention has long been thought to enable efficient vision,'® yet it requires additional
neural machinery and energy. Whether attention yields net energetic benefits—after
accounting for the cost of control—has never been demonstrated. Here we show that
attentional control can substantially improve whole-system energy efficiency in a model
of primate visual processing. Our model, EAN (“Energy-efficient Attention Network”),
implements attention as recurrent top-down multiplicative gain over features, space,
and time. EAN is optimized using a joint objective combining task performance and
neurobiologically grounded energy costs accounting for action potentials and synaptic
transmission across all components,®>~'" including the attentional control circuitry itself.
On a visual-category-search task requiring joint identification and localization of a tar-
get, EAN learns to focus its energy dynamically on task-relevant locations and features,
reducing total energy use by up to 50% at matched accuracy and enabling flexible trial-
by-trial trading of accuracy against energy. The model variant combining feature-based
and spatial attention is most efficient and best captures human errors and difficulty
judgments. EAN generalizes to classical attention tasks, replicating canonical effects
of attention on firing rates, variability, and noise correlations,'? and patterns of V4-to-V1
feedback suppression.’® Our work connects a cognitive function (attention), a neural
mechanism (gain modulation), and a neurobiological constraint (metabolic cost) in a
single mechanistic model that explains how selection and recurrence enable flexible,
energy-efficient vision.

Psychologists have long proposed that visual attention enables efficient use of limited neural
resources.'® Attention is thought to select relevant aspects of the sensory evidence for pri-
oritized processing in a cognitive bottleneck,>' thus reducing the energetic cost of vision by
processing only a subset of the sensory information deeply.®

However, how exactly attention saves energy has remained a mystery. Attention requires addi-
tional machinery (a controller, top-down connectivity) and additional energy for running these
components. The notion that energy is saved by selection also raises the question of what the
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selection is based on. If a feedforward pass already computes all the visual features,’'® why
recompute a subset of them?

This puzzle matters because vision is energetically expensive. The human brain uses about
20W, approximately one-fifth of the body’s energy budget.’® The cortex expends most energy
for synaptic transmission, action potentials, and the maintenance of resting potentials.®~'! Vi-
sion is particularly energetically expensive in primates because their visual system occupies
a large portion of cortex.2° Animal brains are thought to be highly optimized for energetic effi-
ciency.?'=2% To understand biological vision, therefore, we must consider energetic costs.

Previous work has primarily focused on how variables are efficiently represented in the brain,
leaving out the costs of computing those variables from raw sensory signals. For instance, effi-
cient neural coding principles?®-32 explain how neurons maximize information per unit metabolic
cost of the population code. Sparse coding is a canonical example demonstrating how primary
visual cortex maximizes stimulus information per spike.?® However, efficient coding principles
address only the final representational state, neglecting the substantial costs of computing that
representation through hierarchical processing across multiple brain regions and iterative re-
finement over time. The principles of efficient neural computation—how brains optimize for the
full cost of inference and adapt to changing energetic constraints and task demands—remain
poorly understood.33:34

Attention is a key mechanism that likely plays a major role in efficient neural computation.
William James influentially described attention as “the taking possession by the mind, in clear
and vivid form, of one out of what seem several simultaneously possible objects or trains of
thought”.! The mind, thus, chooses content and computations. In modern terms, attention can
be defined as the set of internal control mechanisms that actively select which aspects of the
sensory input are processed and what computations are performed on them, given the goals
and resources of the organism. In the context of vision, attention can select features, spatial
locations, moments in time, or objects—giving rise to established forms of visual attention:
“feature-based”,® “spatial”,®® “temporal”,?” and “object-based”.*®

Systems neuroscientists have found that attention modulates neural activity in primate visual
cortex.'®143944 Cellular neuroscientists have identified mechanisms—balanced synaptic input,
shunting inhibition, and other gain control processes*~*°*—that could implement attentional se-
lection.>®5! Beyond binary selection, neural signals can be continuously modulated to engage
a graded trade-off, where higher-gain signals afford greater precision at greater metabolic cost.
This is possible because gain modulation mechanisms can preserve the statistics of intrinsic
noise,* such that increasing the gain increases the signal-to-noise ratio.>® Brains can thus
allocate more energy, and devote more spikes, to better represent important signals.

Yet how exactly attentional modulation signals are computed and how they save energy during
visual tasks has remained a puzzle. To understand how attention saves energy in vision, we
need to connect insights from cognition and neuroscience in a unified mechanistic model. The
model must be able to perform a meaningful visual task and demonstrate that attention yields
efficiency gains, while accounting for the full metabolic costs of computation.

Accounting for the full costs of inference requires moving beyond the efficient-coding paradigm.
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We introduce a general energy-accounting framework that measures action potentials and
synaptic transmission across all components and time steps of a task-performing neural net-
work. Unlike previous proxies for energy use,>>>* the synaptic transmission costs we introduce
operate at the level of individual synapses, capturing activity-dependent costs that can be
masked when excitatory and inhibitory inputs cancel. For these costs to be meaningful, we
incorporate biologically plausible neural noise® into all computations. Without noise, a neu-
ral network model could trivially minimize energy by scaling down all signals without affecting
performance. However, such a model would not capture biological reality and would fail if im-
plemented in neuromorphic hardware, where noise is an essential part of the challenge. The
presence of neural noise establishes a fundamental energy-accuracy trade-off, where larger
weights yield larger activations, which cost more energy but have the benefit of higher signal-
to-noise ratios. Our energy-accounting framework is general and can be applied to any neural
network model—a step from efficient coding toward principles of efficient neural computation.

To demonstrate how attention can save energy in vision, we apply our energy-accounting
framework to a novel neural-network model family we call EAN (“Energy-efficient Attention Net-
work”). The key intuition is that a relatively cheap attentional control circuit can substantially
improve whole-system energy efficiency by modulating the visual hierarchy of representations.
EAN combines established components: a convolutional neural network (CNN) approximates
the primate visual hierarchy,'®='® while a recurrent neural network (RNN) captures visual infer-
ence dynamics.>®%° The RNN also implements the “attentional controller”, which can modulate
the visual hierarchy via top-down multiplicative gain signals.®'=%3 The top-down gain can target
specific features, locations, or moments in time—integrating “feature-based”, “spatial”, and
“temporal” attention within a single modular architecture. EAN is optimized under a joint objec-
tive that measures both task-performance errors and energy costs, and learns to dynamically
allocate energy in a graded fashion to the features and locations of a particular image that
matter for perceptual performance.

To see is “to know what is where by looking”.%* Handling the combinatorics of what and where
efficiently is a core computational challenge for any visual system. To capture these essential
elements of vision, we test EAN on a novel visual-category-search (VCS) task, in which the
subject has to find a handwritten digit (target category) among distractor letters, with uncer-
tainty about both the target’s class (“what”, 0-9) and location (“where”). Knowing where the
target is would make the identification of the digit easy. Knowing what digit the target is, con-
versely, would simplify localization. Defining the target at the category level (“find the digit”)
entails a dual uncertainty about what and where that is ubiquitous in everyday life. For in-
stance, finding a good option at a buffet takes time because preferred foods can have many
different appearances (uncertainty in what) and be located in many different places (uncertainty
in where).

A naive algorithm for VCS that evaluates all identity hypotheses for all locations would be highly
inefficient. EAN’s attention mechanisms instead efficiently eliminate locations and features,
dynamically focusing energetically costly scrutiny on the task-relevant locations and features.
This adaptive inference process substantially improves energy efficiency and enables flexible
trial-by-trial accuracy-energy trade-offs, where the same model can spend more energy to
achieve higher accuracy. We compare model variants and find that combined feature-based
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Figure 1: a The visual-category-search (VCS) task. After a brief presentation (100-400 ms) of the search image
(with one target digit and 1-8 distractor letters), the subject has to report where they saw the digit, what class
it belonged to, and the difficulty of that particular search. b Human behavioral results (N=18, 389 trials per
subject) as a function of presentation time (left) and number of distractors (right). Accuracy in both what and
where components of the task increases with longer presentation durations, and decreases with the number
of distractors. Difficulty judgments (z-scored) show the reverse trend: trials with longer durations and fewer
distractors are rated as easier. Shaded regions represent 95% confidence intervals across trials and subjects.

and spatial attention is most efficient and best explains human errors and difficulty judgments.

EAN'’s attentional controller can be adapted to perform a diverse set of visual tasks. EAN
generalizes to classical attention tasks and replicates canonical electrophysiological effects of
attention on firing rate, variability (mean-matched Fano factor), and noise correlation.'® The
model also captures how V1 firing rates are affected by optogenetic suppression of V4 feed-

back.'?

We provide a mechanistic solution to a long-standing question—how attention improves the
efficiency of vision—by connecting a cognitive function (attention), a neural mechanism (multi-
plicative gain control), and a neurobiological constraint (energy metabolism) in a single model.
The model explains how attention—despite requiring additional machinery—can yield net en-
ergy savings by controlling the gain of features and locations in a hierarchy of visual repre-
sentations. Beyond attention, the energy accounting framework introduced here provides a
general approach to studying how neural circuits optimize the full cost of computation.

Visual-category-search (VCS) task

In our VCS task, the subject had to find a handwritten digit among distractor letters and report
its identity (“what”) and location (“where”) (Fig. 1a). Unlike classic visual search tasks with a
known target,®® VCS requires overcoming dual uncertainty: subjects do not know either the
identity (0-9) or the location of the target digit before the search image appears.

Human subjects viewed each search image for 100-400 ms, followed by a mask meant to dis-
rupt iconic memory and terminate recurrent processing. They then reported the digit’s location
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Figure 2: EAN (“Energy-efficient Attention Network”). a The visual hierarchy is pre-trained for object classification
on Tinylmagenet to obtain general-purpose visual features. b Convolutional weights in the visual hierarchy are
frozen (pre-attentional selectivity is fixed) and only the attentional controller, gain mechanisms and readout are
trained for VCS. ¢ We optimize a joint cost of task errors and energy use based on neurobiologically plausible
measures of synaptic transmission and action potentials, where Aenergy modulates the relative cost of energy. d
Energy-accounting framework. Energy used for synaptic transmission depends on the activations of the previous
layer (pre-synaptic firing rates) and the weights (synaptic strengths), while energy for action potentials depends
on the activations (post-synaptic firing rates). e Multiplicative gain is applied to the convolutional pre-activation
tensor. Feature gain is multiplied along the channel dimension, while spatial gain is multiplied across width and
height. f Different versions of EAN implement increasingly more sophisticated attention mechanisms, capturing
classical cognitive notions of “feature-based”, “spatial” and “temporal” attention within the same modular architec-
ture.

(where) and identity (what) and rated the trial’s difficulty. Models received only the search
image (no cue or mask) and predicted the digit’s class and location.

Energy-efficient Attention Network (EAN)

Our model EAN (Fig. 2) tests the hypothesis that an energetically inexpensive attentional
controller can substantially improve net energy efficiency of vision. All versions of the model
share the same backbone consisting of a “visual hierarchy” (implemented as a three-layer
CNN) and an “attentional controller” (implemented as a three-layer RNN). On each time step,
the model receives a 64 x 64 image as input and processes it using the visual hierarchy followed
by the attentional controller. There are two recurrent pathways in EAN: (a) lateral connections
within the attentional controller and (b) top-down connections that modulate the visual hierarchy
via multiplicative gain. At every time step, we read out the class of the digit (“what”) and its
location (“where”) from the hidden state of the last layer of the attentional controller.

Biological visual systems learn visual representations that can be flexibly deployed for a diverse
set of behavioral goals.®® To obtain general-purpose visual features, we pre-train the visual
hierarchy within a feedforward (single time step) version of EAN for object classification on the
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Tiny Imagenet dataset (Fig. 2a). We then freeze the convolutional weights, fixing the pre-
attentional selectivity of all units in the visual hierarchy. Finally, we train only the attentional
controller, the gain mechanisms and the readouts on the VCS task, unrolling the model for four
time steps (Fig. 2b).

Energy-accounting framework

The optimization objective for EAN combines cross-entropy loss terms (as surrogate objec-
tives for accuracy in the what and where tasks) and differentiable measures of energy con-
sumption (Fig. 2c). The energy costs, grounded in neurobiology, account for action potentials
and synaptic transmission across all model components and across all time steps.>'' The
energy-accounting framework introduced here is general and can thus be applied to any neu-
ral network.

For action potentials, we treat post-rectified-linear-unit (ReLU) activations as proportional to
neural firing rates and minimize their sum over space, time, and inputs, reflecting the total
metabolic cost of generating spikes (Fig. 2d). This is consistent with efficient coding models
and standard sparseness penalties on the activity of the units.?° For synaptic transmission, the
appropriate cost metric is less obvious. Previous proxies for synaptic transmission cost—L1
penalties on weights®® or absolute pre-activations®—fail to capture activity-dependent costs
at the level of individual synapses. We instead compute the sum across all synapses of the
absolute products of pre-synaptic firing rates and synaptic weights (Fig. 2d). This activity-
dependent measure of the energetic cost of synaptic transmission is summed over time points
and inputs.

An artificial neural network without internal noise could arbitrarily scale down all its weights
and activations to minimize the energy costs defined above without affecting performance. In
a neural network simulated on a digital computer, the only limit to down-scaling of activations
is floating-point precision. In contrast, biological neural systems have multiple sources of in-
ternal noise,* all of which corrupt neural signals. We therefore add normally distributed noise
to all pre-activations in EAN, so that lower pre-activations yield worse signal-to-noise ratios.
The noise establishes a biologically realistic trade-off between conserving energy (by making
weights and activations smaller) and maintaining signal precision. After noise is added to the
pre-activations, we apply ReLU non-linearity. Each ReLU activation is divisively normalized by
the pooled activations within its neighborhood defined by a fixed Gaussian kernel®'. The nor-
malized activations correspond to the neuronal firing rates, whose energetic cost is measured
by a term in the objective.

We combine task errors and energy use in a single loss function using the energy-cost factor
Xenergy (Fig. 2c), which we also refer to as the “price of energy”. When Agnergy = 0, We recover
the standard deep learning cross-entropy objective (minimizing task errors). When Agpergy > 0,
the model minimizes energy use along with errors. Intermediate values of Agnergy €NCOUrage
the model to balance accuracy and energy use. High settings of A¢nergy COMpromise task per-
formance. The price of energy can either be “fixed” across trials (Iog Aenergy € {—12, ..., —5})
or “flexibly” sampled on every trial (109 Aenergy ~ Uniform(—12, —6)), ranging from accuracy-
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Figure 3: EAN-full inference dynamics in VCS under the Aenergy-flexible regime, where a single model instance
is trained to handle a distribution of energy prices. We plot model behavior for low (left), intermediate (center),
and high (right) price of energy Xenergy- @ Input image (repeated across time step in VCS). In this particular trial,
the target is digit 5. b Feature gain for each convolutional layer. Patterns are relatively sparse and inhibitory
(especially for cnny), which may explain why feature gain brings about large energy savings (Fig. 4). ¢ Spatial
gain. The model eliminates implausible locations and focuses on the target digit, while inhibiting distracting
letters. d Mean channel activation for each convolutional layer. e Mean spatial activation for cnn, (averaged
across channels). Since we treat activations as firing rates, darker green corresponds to higher energy use. f
Model predictions for the target digit class (what). g Model predictions for the target location (where). The three
columns illustrate how EAN can flexibly modulate its own activity and trade accuracy for energy. When energy
is cheap (left), EAN uses higher activations and arrives at a confident, correct prediction. At an intermediate
energy price (center), EAN balances energy use with task performance. When price of energy is high (right),
EAN suppresses its activity, sacrificing task performance.

dominant to energy-dominant regimes. To enable EAN to flexibly account for the variable cost
of energy on a trial-by-trial basis, the value of A\¢nergy is provided as input to the attentional
controller at the beginning of the trial. When trained in the “Aenergy-flexible” regime with a dis-
tribution of energy prices, a single EAN instance can therefore use attentional gain modulation
to dynamically trade off between accuracy and energy based on the trial-specific energy cost.

Modular attention architecture

The attentional controller computes top-down gain signals that multiplicatively scale pre-activations
in CNN blocks throughout the visual hierarchy (Fig. 2e). Inspired by neurophysiological find-
ings that gain modulation preserves internal noise levels,* the scaling is done before noise is
applied, so gain typically leads to higher signal-to-noise ratio but also incurs a higher energetic
penalty.
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We implement increasingly sophisticated forms of attention within a modular architecture (Fig.
2f). The baseline model lacks top-down modulation entirely and has a single gain parameter
that scales pre-activations independent of current inputs or time step. EAN-global implements
temporal attention through a single dynamically computed scalar gain value that uniformly
modulates all units at each time step. EAN-feature adds feature-based attention, enabling the
controller to prioritize specific convolutional filters at each time step.®? The gain for each filter is
then applied uniformly across the visual field.®” Instead of feature-based attention, EAN-spatial
employs spatial attention, boosting or suppressing all convolutional filters at specific locations.
Finally, EAN-full combines feature and spatial gain, enabling the most flexible attentional con-
trol. The attentional controller outputs a spatial gain map and a feature gain map, and the
gain applied to each unit is the product of its spatial gain and its feature gain. The modular
design allows us to isolate and compare the contributions of each attention mechanism to both
accuracy and energy efficiency.

We hypothesized that EAN-full, combining both feature-based and spatial attention, would
achieve the best energy-accuracy trade-offs because the product of the two attentional filters
can eliminate a large proportion of the less relevant units, enabling highly selective choice of
the most relevant computations. Fig. 3 demonstrates EAN-full inference dynamics across four
time steps, given different energy costs Aenergy- FOr @an intermediate energy cost, the model ini-
tially attends broadly to gather information, then dynamically focuses on task-relevant locations
and features to efficiently resolve uncertainty about what and where.

Attention improves energy efficiency

We first assess how attention affects energy efficiency when models are trained with fixed
energy-cost factor Aenergy (Fig. 4a). In this regime, each model instance is optimized for a
single constant price of energy (109 Aenergy € {—12, —11, ..., —5}).

As expected, higher energy prices lead to lower energy use (Fig. 4a, left). Importantly, model
instances that use more energy achieve higher accuracy in both what and where components
of the VCS task (Fig. 4a, middle and right). Our optimization approach yields models that span
the full spectrum from energy-dominant to accuracy-dominant solutions.

Consistent with previous work,®' attention mechanisms improve task performance (Fig. 4a,
middle and right). At high energy use, where models can fully leverage their computational
capacity, models with feature-based attention (EAN-feature) and models with spatial atten-
tion (EAN-spatial) achieve substantially higher accuracy than the baseline model. EAN-full,
which combines both types of attention mechanisms, achieves the highest accuracy for what
and where judgments—higher than either attention mechanism alone—suggesting that spatial
and feature-based attention provide complementary benefits. Interestingly, EAN-global (the
model that implements temporal attention only) does not improve performance over the base-
line model. This suggests that for static stimuli, temporal modulation alone (uniform gain across
features and locations) provides little benefit over baseline.

Critically, attention improves energy efficiency. Models with attention achieve better energy-
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point represents the average accuracy-energy profile for a model instance trained with a fixed price of energy (log
Xenergy € {—12,..., —5}). EAN versions with spatial and feature gain achieve superior energy-accuracy trade-offs
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intervals across trials. b Attention enables flexible energy-accuracy trade-offs. When trained with a distribution
of energy prices (10g Aenergy € Uniform(—12, —6)), a single EAN instance can dynamically adjust its energy use
based on the cost specified at inference time. In contrast, the baseline model without attention must commit to
a single operating point. ¢ Attention mechanisms (particularly feature-based gain included in EAN-feature and
EAN-full) yield up to 50% net energy savings compared to the baseline model (from the “fixed” Aenergy regime). d
Energy use breakdown by component for models trained in the “fixed” regime (Aenergy selected to achieve > 45%
what accuracy). Components are: “cnn” (convolutional layers in the visual hierarchy), “rnn” (recurrent layers in
the attentional controller), “gain” (top-down gain computation). Area of the pie is proportional to total energy use
by the model. Relatively cheap attention mechanisms (RNN and gain computation) enable large reductions in net
energy use.

accuracy trade-offs (Fig. 4a, middle and right). The energy-accuracy frontier improves sys-
tematically with the specificity of attentional control: selective gain over features or locations
outperforms the no-gain baseline and uniform gain (EAN-global), while combined feature-and-
spatial control achieves the best trade-off.

The energy savings from attention are substantial (Fig. 4c). Feature-based attention (included
in both EAN-feature and EAN-full) is associated with the largest energy savings, achieving the
same accuracy as baseline while using up to 50% less energy. Crucially, computing attentional
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control signals requires only a small fraction of total energy (Fig. 4d). This reflects the high cost
of processing many features at every location across multiple layers of the visual hierarchy.

EAN explains how attention mechanisms can improve energy efficiency. The key insight is that
the “attentional controller” can be a relatively small and energetically cheap circuit yet bring
substantial gains in efficiency.

Attention enables flexible use of energy

We next trained models with energy-cost factors sampled trial-by-trial rather than fixed (log
Aenergy ~ Uniform(—12, —6)). The attentional controller is informed about the price of energy
on each trial: it receives Aenergy @s input. Models with attention mechanisms can therefore mod-
ulate their activity according to the trial’s price of energy. In contrast, the baseline model without
attention must commit to a single energy-accuracy operating point, finding a compromise that
works for the distribution of energy prices.

Fig. 3 qualitatively demonstrates the adaptability of a single EAN-full instance trained in the
Aenergy-flexible regime. When energy is cheap (log Aenergy = —12), the model uses higher
gain magnitude and reaches confident predictions quickly. When energy is expensive (log
Xenergy = —6), the same model instance utilizes attention to inhibit visual hierarchy activity,
sacrificing task performance. At intermediate energy prices (l0g Aenergy = —7.5), the model
deploys moderate gain signals and dynamically explores hypotheses about what and where
while balancing accuracy and energy—arguably the most biologically plausible regime.

As in the Aenergy-fixed regime, EAN-full achieves the best energy-accuracy trade-offs (Fig. 4b,
middle and right). However, here a single trained instance of EAN spans the full range of
energy-accuracy trade-offs by adapting to trial-specific costs. One might expect that a model
trained for a particular price of energy will have better performance at that price of energy than
a Aenergy-flexible model. In fact, the Aenergy-flexible variant of EAN-full achieves roughly equal
accuracy at each price. The baseline, lacking attentional control, converges to an energy-
accuracy regime that represents a compromise across the distribution of energy prices (Fig.
4b).

Beyond the efficiency gains shown under fixed energy costs, attention can also enable dy-
namic, trial-by-trial adaptation to the changing relative costs of energy and accuracy. This
flexibility is relevant for biological vision, where metabolic availability and task priorities change
frequently.

EAN captures human behavior

EAN captures multiple aspects of human behavior in the VCS task (Fig. 5). Below, we focus
on models trained in the A¢nergy-flexible regime.

First, we compare human and model behavior qualitatively (Fig. 5a), where all models operate
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Figure 5: EAN-full, combining feature-based and spatial attention, best captures human errors and difficulty
judgments. a Qualitative human-model comparison. Model behavior is plotted as a function of time step (left
column) and number of distractors (right column) at an intermediate energy price (log Aenergy = —7.7). Model
prediction entropy in the what dimension (bottom row) serves as a qualitative proxy for human difficulty judgments.
b What and where error consistency measured by Cohen’s kappa between humans and models, plotted as a
function of energy price Aenergy- Dashed lines with shaded regions indicate human-human error consistency with
95% confidence intervals. ¢ Left: Variance in trial-level difficulty judgments explained by the amount of noise
and the number of distractors in the search image. Right: Additional variance in difficulty judgments explained
by model energy use and prediction entropy (model uncertainty). Significance stars indicate comparisons against
baseline (Bonferroni-corrected).

under an intermediate price of energy (09 Aenergy = —7.7). We plot model behavior as a
function of time step (left column) and as a function of number of distractors (right column). We
use model prediction entropy in the what dimension as a qualitative proxy for human difficulty
judgments (bottom). All model versions capture broad trends in human behavior. However,
spatial attention (used in EAN-spatial and EAN-full) seems critical in capturing the dynamics
of visual inference across time. Similar to humans, models with spatial attention use time as a
resource to arrive at a better answer,% while other models (baseline, EAN-global, EAN-feature)
reach peak performance within approximately two time steps.

We used Cohen’s kappa to measure error consistency in the what and where components of
the task.5%7% Error consistency measures trial-by-trial agreement between two classifiers while
controlling for agreement expected by chance, given their respective accuracies. We plot error
consistency as a function of energy price Aenergy (Figure 5b). Attention mechanisms improve
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error consistency, especially in the what component of the task. EAN-full achieves the highest
error consistency, peaking at x = 0.17 for what error consistency (at log Aenergy = —7.7, humans
x = 0.25) and x = 0.19 for where error consistency (at l0g Aenergy = —6.6, humans « = 0.21).

Finally, we turn to human difficulty judgments. Prior work has shown that metabolic activity
scales with visual processing demands,’! and we hypothesized that subjective difficulty judg-
ments might partially reflect trial-specific energetic costs alongside other factors such as the
number of distractors and overall uncertainty. First, stimulus parameters alone (amount of
noise and number of distractors) explain 39% of the variance (R* = 0.39). We then tested
whether model-derived measures—trial-level energy use and prediction entropy (quantifying
model uncertainty in what and where tasks)—could explain additional variance in difficulty
judgments. For each model variant, we selected the price of energy Aenergy that maximized the
additional variance explained for each set of covariates used (see Extended Data Fig. 2 for
results across the Agnergy range).

All models explained significant additional variance beyond stimulus parameters. For energy
use, EAN-full showed the largest improvement (AR? = 0.027), significantly outperforming
baseline (AR? = 0.008, p < 0.001). For prediction entropy, EAN-spatial (AR? = 0.036) and
EAN-full (AR? = 0.035) both captured substantial additional variance. However, differences
from baseline (AR? = 0.026) were not significant after correction for multiple comparisons.
The combination of both energy use and prediction entropy showed the strongest performance
overall, with EAN-full (AR? = 0.050) and EAN-spatial (AR?> = 0.045) significantly exceed-
ing baseline (AR? = 0.032, p < 0.01 and p < 0.05, respectively). These results suggest
that human difficulty judgments reflect not only basic stimulus properties but also trial-specific
internal processing demands, which are better captured by models with selective attentional
mechanisms.

Together, these analyses demonstrate that EAN-full, combining feature-based and spatial at-
tention, best captures the pattern of human errors and subjective difficulty judgments in VCS.

EAN captures electrophysiology of attention

Beyond energy efficiency and human behavior, EAN replicates several electrophysiological
effects of attention: canonical effects on firing rates, Fano factor, and noise correlation from
Cohen & Maunsell [12], and effects on V1 firing rates following optogenetic V4 feedback sup-
pression from Debes & Dragoi [13]. We implemented simplified four-time-step versions of the
classical attention tasks used in the two papers. As for the VCS task, we kept the parameters
of the pre-trained visual hierarchy fixed and trained only EAN’s attentional controller and gain
mechanisms under the Aenergy-flexible regime.

In Cohen & Maunsell [12], the monkey is presented with Gabor stimuli on both sides and must
saccade to the stimulus that changes orientation, given an 80% valid attentional cue indicating
which side is likely to change (Fig. 6a, top). For the model, instead of the dual what and where
readout used in VCS, we implemented a “saccade” readout (“left”, “center”, “right”). EAN was
trained to output “center” on all but the change frame, and “left” or “right” on the change frame
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Figure 6: EAN generalizes to classical attention tasks, replicating canonical electrophysiological effects. Top:
simplified versions of the tasks'?'3—model input, output, and spatial gain across time steps. Bottom: data-model
comparisons. Figures adapted from respective papers. a Replicating effects from Cohen & Maunsell [12]. The
task is to saccade to the Gabor stimulus that changes orientation (attentional cue valid 80%). Model learns to
perform the task by paying attention to the cue, then to the cued location. EAN replicates four canonical effects:
higher accuracy for valid cues, increased firing rates at attended locations, decreased mean-matched Fano factor,
and decreased noise correlation with attention. b Replicating effects from Debes & Dragoi [13]. The task is to
detect whether a grating is present at the cued side (attentional cue valid 100%). On 50% of the trials, V4 to V1
feedback is suppressed using optogenetics on stimulus onset. We implement an analogous model “optogenetics”
procedure, where we stochastically dampen the gain signal. EAN learns to perform the grating detection task
by attending to the cued side. EAN replicates the main patterns: target reports increase with contrast, feedback
suppression abolishes attentional modulation in V1, and the suppression effect increases with stimulus contrast.

(depending on which side changes).

EAN learned to perform the orientation-change detection task, exhibiting an interpretable spa-
tial attention pattern: it first attends to the cue and then shifts attention to the cued location.
Critically, EAN replicates four canonical effects of attention from Cohen & Maunsell [12] (Fig.
6a, bottom): (1) accuracy in the task is higher when the cue is valid, (2) firing rates are higher
for units with receptive fields in the attended region, (3) mean-matched Fano factor decreases
with attention, and (4) noise correlation—trial-to-trial variability shared between neurons when
they respond to the same stimulus—decreases with attention.
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In Debes & Dragoi [13], the monkey had to detect the presence of a Gabor-like grating of
various contrasts on the cued side (Fig. 6b, top). The cue was 100% valid and the monkey
had to completely ignore the uncued side. The authors showed that optogenetic suppression
of feedback from V4 to V1 abolishes attentional modulation. We implemented an analogous
feedback suppression procedure in EAN that stochastically dampens the gain signal from the
attentional controller to the visual hierarchy. We trained the model with a simple binary readout
to output “yes” if a target is present on the cued side, and “no” otherwise.

We replicate the main patterns of feedback suppression from Debes & Dragoi [13] (Fig. 6b,
bottom): (1) target reports increase with contrast (but feedback suppression does not affect
behavioral performance), (2) suppressing feedback abolishes attentional modulation in V1,
and (3) the effect of feedback suppression increases as a function of stimulus contrast.

EAN is a brain-computational model that explains how attention can save energy in vision
despite requiring additional components and energy. The model links the cognitive function of
vision to its neurobiological implementation, using a biologically established gain control mech-
anism and explaining canonical electrophysiological signatures of attention and the effects of
interventions using optogenetics.

Discussion

We started with a fundamental puzzle: How can attention save energy if attentional control re-
quires additional neural components and metabolic expenditure? Confirming a long-standing
hypothesis that attention enables efficient vision,® we provided a rigorous demonstration that a
relatively cheap attentional controller can yield substantial net energy savings for the visual sys-
tem as a whole. We defined neurobiologically grounded differentiable objectives for energy—
accounting for both action potentials and synaptic transmission throughout all components.
By optimizing a neural network model with a joint objective that balances task performance
and energetic demands, we establish that attention can enable an efficient adaptive inference
process, selecting relevant sensory signals for scrutiny and dynamically trading perceptual
precision against energy consumption.

EAN’s architecture and efficiency objective give rise to a model that explains results of both
human psychophysics and animal electrophysiological experiments. In the visual-category-
search task, attention clearly improves energy efficiency. EAN achieves higher accuracy at
lower energy costs than models without selective gain modulation (Fig. 4a). The energy sav-
ings are large: attention mechanisms can cut the energy use in half compared to the no atten-
tion baseline (Fig. 4c, d). The bulk of these savings is due to feature-based attention, while
spatial attention provides complementary performance gains by progressively narrowing in on
the most promising locations. Attention additionally enables a single model instance to dynam-
ically trade accuracy for energy depending on current metabolic and task demands (Fig. 3,
4b). The model with combined feature and spatial attention (EAN-full) best captures human
error patterns and subjective difficulty judgments in the VCS task (Fig. 5). EAN generalizes
to classical attention tasks and replicates canonical electrophysiological effects of attention on
firing rates, variability, and noise correlation, as well as recent findings from optogenetic sup-
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pression of V4-to-V1 feedback (Fig. 6). Together, these results position EAN as a mechanistic
bridge between cognitive function, neural implementation, and metabolic constraints.

EAN generates new testable predictions about the attentional system in relation to metabolic
costs. As a consequence of its modular attention architecture, EAN predicts that the metabolic
savings afforded by feature-based attention are larger than those afforded by spatial attention
(Fig. 4). This asymmetry has not been systematically explored in neuroscience. EAN’s predic-
tion could be tested in macaques by selectively suppressing feedback'® from ventral prearcuate
region (VPA), which is preferentially associated with feature-based attention,’ and frontal eye
fields (FEF), which is preferentially associated with spatial attention.”® When task accuracy is
matched, suppressing feature-based attentional feedback should result in greater increases in
visual cortex metabolic expenditure (which should be reflected in a larger overall BOLD fMRI
response) compared to suppressing spatial attentional feedback.

EAN also explains how attentional control enables biological visual systems to dynamically
adjust how much energy they spend on a task (Fig. 4b). When task demands or metabolic
constraints change, attention can down-regulate neural activity to save energy, accepting lower
perceptual accuracy in return. This trade-off should emerge most clearly in visual tasks requir-
ing joint feature and spatial selection such as VCS, where selective gain modulation affords the
greatest range of accuracy-energy operating points. The prediction could be tested by combin-
ing VCS with fMRI to simultaneously track behavioral performance and metabolic expenditure
across a wide range of reward magnitudes.

Recent computational models have shown that humans flexibly adapt their internal represen-
tations and computations to task demands,’*”® suggesting a form of cognitive resource ratio-
nality.”®’” However, the mechanisms implementing such flexibility—and the nature of the com-
putational resources themselves—have remained abstract. EAN bridges this gap: it grounds
high-level notions of selective attention and resource limitations in concrete neural mechanisms
(multiplicative gain) and neurobiologically measurable costs (action potentials and synaptic
transmission), while remaining an image-computable task-performing network that can be
readily trained on new visual tasks, as demonstrated by generalization to classical attention
paradigms.

Beyond cognitive science and computational neuroscience, our energy-accounting framework
and findings about attention have implications for energy-efficient Al. Modern Al systems have
embraced a relational attention mechanism as a core computational primitive,’® yet their energy
demands remain immense compared to brains. Neuromorphic hardware aims to close this gap
by implementing neural computation in physical substrates that respect the principles underly-
ing biological computation.”® Our energy-accounting framework—measuring action potentials
and synaptic transmission across all components and timesteps—provides an optimization
objective aligned with the cost structure of neuromorphic hardware, and could guide the devel-
opment of networks designed for efficient neuromorphic deployment. Moreover, our findings
that selective attention can halve energy use in vision and enable flexible energy-accuracy
trade-offs suggest a general design principle: incorporating a cheap attention controller and
feedback to modulate signals can yield substantial energy savings in neuromorphic systems.

While we account for the cost of computing the gain signal, we may underestimate the metabolic
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cost of gain application, which has not been rigorously measured in the primate brain. Our
energy-accounting framework is straightforwardly extensible, however: Additional cost terms
can be incorporated as empirical estimates become available. Although EAN relies on top-
down modulatory signals from the attention controller, top-down and lateral connections within
the visual hierarchy are absent. Such connectivity is present in the primate brain and could
further shape energy-efficient representations, perhaps learning to predict and cancel activity
as in predictive coding.>* Finally, EAN implements a simplified visual hierarchy and operates in
a controlled task environment; extending the framework to more naturalistic scenes and richer
behavioral paradigms remains an important direction.

The energy-accounting framework introduced here—measuring action potentials and synaptic
transmission across all model components and across time—is neurobiologically grounded and
general. It can be applied to investigate how other mechanisms, beyond attention, contribute
to metabolic efficiency across different tasks and brain areas, and whether optimizing energy
efficiency improves model-brain alignment. In the context of EAN, the optimization of energy
efficiency resolves a long-standing puzzle, revealing how our selective attention, which James
described over a century ago’, enables efficient neural computation.
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Methods

Visual-category-search (VCS) task

The goal in VCS for both human subjects and models was to determine the identity (“what”) and
location (“where”) of a handwritten digit (“target”, 0-9) among handwritten letters (“distractors”).
Digits were sampled from the MNIST dataset’, while letters were sampled from the EMNIST
dataset.?

Generative model of the stimuli. Our stimuli are noisy grayscale 64 x 64 images consisting of
one target digit and a number of distractor letters (1-8 for the human behavioral experiment and
model evaluation, and 2-8 for model training). We start by sampling a target MNIST digit image
(28 x 28) with its class label (0-9) from the MNIST dataset. We create the larger image 64 x 64
(“canvas”) and fill it with zeros. We sample the number of distractors from a discrete uniform
distribution (1-8), and sample distractor letter images from the EMNIST dataset (28 x 28), while
excluding letters that are most confusable with digits (', ‘', ‘0, ‘q’, ‘s’, ‘b’, ‘Z’, ‘g’). We downsize
all of the digit and letter images to 16 x 16 and uniformly sample a location for each small image
so that: (1) minimum center-to-center distance of 10 pixels is maintained to other letter/digit
images and (2) each image remains fully within the canvas. We place the small target and the
distractor images by adding them to their sampled locations in the big 64 x 64 canvas image
(so overlapping items can create composite pixel values). We then set all pixels below fitarget img
to fuargetimg, €Stablishing a uniform background that does not make the target pop out. Finally,
we sample the standard deviation of the image noise gimg noise ~ Uniform(0, 0.2), sample the
noise value eggise ~ N (0, oimg noise) independently for each pixel i, j, add noise values to the
image, and clamp image values to be within [0, 1].

Model training dataset. To train the model we sampled search images with their correspond-
ing what and where targets from the generative model “on-the-fly” during training. We used
“train” subsets of MNIST and EMNIST and each search image contained 2-8 distractors. For
the what target, we created a one-hot target vector using the class of the MNIST digit from the
MNIST dataset (0-9) and used cross-entropy as the loss function. For the where target, we
created a soft 2D map by evaluating a 2D Gaussian kernel at 10 x 10 locations with the mean
placed at the ground-truth location of the digit (the center where the 16 x 16 downscaled MNIST
image was placed in the 64 x 64 canvas) and standard deviation o = 1. We then normalized
this heatmap to sum to one and used KL divergence as the loss function.

Behavioral experiment dataset. Behavioral experiment dataset (400 search images and 400
corresponding mask images) was used to evaluate both humans and trained models. We
used “test” sets of MNIST and EMNIST to generate the behavioral experiment dataset. Each
search image in the behavioral dataset contains 1-8 distractors. For each search image we
also generated unique “mask” image, which was meant to disrupt recurrent visual processing
and visual iconic memory in human subjects after predefined durations (100, 200, 300, 400ms)
of the search image (Fig. 1a). We initialized the mask image canvas using the mean value of
the search image. We then sampled 10-15 distractor letters (no digit), and used the same
procedure of adding them to the canvas as for the search image. Finally, we used the same
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sampled noise standard deviation from the search image to generate the noise for the mask
image.

Behavioral experiment. We implemented the behavioral experiment using the FlyingObjects
package.® The behavioral experiment consisted of 400 trials, and each subject saw the same
set of images. We randomized the order of the trials for each participant. For each trial,
we independently and uniformly sampled the presentation time from {100, 200, 300,400} ms.
The first 10 trials were designated as “training trials” with much longer presentation times (lin-
early going down from 2200 ms to 400 ms), which we excluded from the analysis. We also
did not present the last trial due to an indexing issue, leaving 400 (all trials) — 10 (training) —
1 (indexing issue) = 389 trials per participant for analysis.

We served the experiment to 20 subjects on Prolific and excluded data from 2 subjects that did
not complete the full set of trials. The experiment was approved by Columbia University’s In-
stitutional Review Board, and all participants provided informed consent. The median duration
of the experiment was 45 minutes and the adjusted pay was $14.28/hr.

The structure of the trial was the following (Fig. 1a):

1. Pre-trial. 300ms empty screen before the trial starts.

2. Cue. A black cross in the middle of the screen presented for 200ms to allow subjects to
anticipate the upcoming search image.

3. Search image. Presented for ¢ ~ 2/({100, 200, 300, 400} )ms.

4. Mask image. Presented for 300ms. The mask was meant to "wipe” iconic memory of
the search image and terminate recurrent processing.

5. Where response. Subjects had to click on an empty square to indicate their best guess
where the target digit was. A blue bubble appeared to indicate where their click was
registered. Note that during training trials, the bubble would appear green/red depending
on whether the target digit was within 16 pixels of their click.

6. What response. Subjects had to click on one of the digit tiles. As with the where re-
sponse, the tile would turn blue to indicate which digit class they selected. Note that
during training trials, the digit tile would turn green/red depending on whether their selec-
tion was correct/incorrect.

7. Difficulty response. The subjects were also instructed to rate the difficulty of each trial
on a continuous scale "Easy-Medium-Hard”. A blue bubble appeared after their click to
indicate the continuous value of difficulty they selected.

8. Post decision. 200ms break before the next trial starts.

Our experiment was meant to study recurrent visual processing and the dynamics of covert
attention of foveal vision within a single fixation. While we could not fully control the size of the
stimuli since we served the experiment online, we estimate that the presented images extend
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around 2 - 3 degrees of visual angle (given normal monitor or laptop setup). Empirically, human
accuracy in our experiment is relatively constant as a function of target eccentricity (Extended
Data Fig. 1). This suggests that lower acuity of peripheral vision does not play an important or
systematic role in our experiment.

Accuracy in the where component of the VCS task was computed by counting the proportion
of trials in which the subject’s click location (or model’s simulated click location) was within a
certain radius of the target. For humans, we set the max radius for a correct trial at » = 0.15,
where the whole square image has an area of 1. For models, we simulated clicks by taking
the argmax location of the 10 x 10 model prediction distribution and we used a smaller radius
r = 0.07 to account for motor and memory noise in humans.

Model architecture

All versions of the model share a common neural network architecture composed of a convo-
lutional neural network (“visual hierarchy”), followed by a recurrent neural network (“attentional
controller”). Besides the baseline model, all versions of the model also have 1-2 multi-layer
perceptrons (“gain mechanisms”) that take the hidden state of the attentional controller as in-
put. The output of the gain mechanisms is used to compose a multiplicative gain map that
modulates the visual hierarchy.

Visual hierarchy. The visual hierarchy extracts general-purpose visual features from the image
(the selectivity of the units is fixed after pretraining on Tinylmagenet, see section on pre-training
below) and passes those to the attentional controller.

The visual hierarchy is a convolutional neural network composed of three convolutional blocks
(cnn1, cnn2, cnn3). The three convolutional layers within each block have 64, 128, and 256
feature maps (or channels) and kernel size 5, 3, 3 respectively. This results in the follow-
ing activation tensor dimensionality (width x height x channels): input image (64x64x1), cnn1
(32x32x64), cnn2 (16x16x128), cnn3 (8x8x256).

These are the processing steps within one convolutional block:

xP = foony(z™) apply convolutional layer (1)
%" = G © xP® elementwise multiply gain G with pre-activations  (2)
" = 29" 1 e ~ N(0, onoise) apply Gaussian noise to pre-activations  (3)
xPSt = (") pass through ReLU non-linearity ~ (4)

x° := DivNormen, (%) apply divisive normalization to get the output  (5)

where divisive normalization*® for a CNN block is defined as:
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ost
P

DiVNormcnn<w§OSt) - c+a- (C; * ZEPOSt)’ ©

Here P! = %Zc xP°t is the mean across channels, G, is a fixed spatial Gaussian ker-
nel with standard deviation o, = 2.0 (pool size 5, weights sum to 1), ¢ = 1.0 is a semi-
saturation constant, and o = 0.2 is a scaling constant. To ensure consistent normalization
scales across layers, the pooled activation in the denominator zP°! is divided by a running
mean of channel-averaged activations, updated with momentum 0.1 during training. This en-
sures that, on average, the pooled term contributes a unit-scale value, so the denominator has
a mean of approximately o + o = 1.2 across all units.

Attentional controller. The attentional controller (1) integrates evidence from the visual hier-
archy across time and (2) the hidden state of the attentional controller is provided as input to
top-down gain mechanisms (excluding the baseline model without top-down modulation).

The attentional controller is a recurrent neural network composed of three recurrent blocks
(rnn1, rnn2, rnn3). Each recurrent block learns how to update its hidden state (256-dimensional)
across time, given incoming inputs from recurrent block below (or the last convolutional block
for rnn1) and its own previous hidden state via a lateral hidden-to-hidden connection. Note that
the output of the last convolutional block is flattened before being passed to the first recurrent
block.

These are the processing steps within one recurrent block:

R = fin(x™) + fon(hi_1) integrate input and hidden state via linear maps  (7)
R .= AP 4 € ~ N(0, Onoise) apply Gaussian noise to pre-activations (8)
hPot .= (RJOY)* pass through ReLU non-linearity ~ (9)
h; := DivNorm,,,(h?°) divisive normalization to get new hidden state  (10)

where divisive normalization for an RNN block is defined as:

(R

; posty \
DlVNormmn<<ht )Z) = m

(11)

Here hf* = L 3~ (h{*), is the mean across the hidden dimension, with o = 1.0 and « = 0.2
as for the CNN blocks. Unlike the CNN case, the RNN normalization pools globally across the
hidden dimension rather than locally via a spatial kernel.

Gain mechanisms. Gain map G applied in convolutional blocks is computed using multi-layer
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perceptrons (MLPs, with one 256-dimensional hidden layer) that take as input the hidden state
of the last recurrent block h?.

The following equations describe how the gain maps are computed for different models:

g?aseline =gy 1 go = &+ U(@o) ceR (12

ItEAN—global =g 1 gy = Q- U(fglobal(h?—l)) eR (13)
EAN—feature — gieature ®1 g;eature = - O'(ffeature(h?—l)) € R° (14)
EAN-spatial . cyspatial g 3 GP™ = o Flice [0 (Fparai(R_))] € R (15)
EAN—fuII — \/g;eature ® G:patial ®1 (1 6)

All f here are MLPs, h} is hidden state of the final recurrent block for time step ¢, o is the stan-
dard logistic function (sigmoid) applied element-wise, ® is multiplication broadcasted across
space or feature dimensions, 1 is a tensor of ones matching the dimensions of the convolu-
tional layer pre-activation tensor x., a = 2 is the scaling factor for the gain map. Fixk is
bilinear interpolation that takes the 16 x 16 spatial gain map and scales it to 4 x w (the spatial
dimension of the convolutional pre-activation tensor). The baseline model has a single gain

parameter ¢, that can scale the pre-activations independent of input or time step.

We set o« = 2, which scales the gain values to be in [0, 2] (from [0, 1] output of the standard
logistic function). This « value ensures that identity gain operation (G = 1) is the default
behavior. For instance, if the weights of the MLPs f are 0, then f = 0 = o(f) =05 -1 =
G = 2-0(f) = 1. The model can then learn more sophisticated gain patterns by diverging
from the default identity gain operation. We take the square root when computing EAN-full gain
map GEAN! to ensure that gain values are in the same range [0, 2] as for the other models.

Dimension of g'®® depends on the convolutional block (i.e. the number of features/channels
R¢ in the convolutional layer). Dimension of G**" is global for all convolutional blocks (o ( fspatial(h? 1)) €
R16x16) 'but the gain map is scaled to match the spatial dimensionality of the layer’s activation

. o . . hx
tensor using bilinear interpolation Fyjic..-

The motivation to broadcast feature-based attention across the visual field came from canonical
findings that feature-based attention produces spatially global modulation®=® as well as previ-
ous modeling efforts.’® Similarly, the motivation to broadcast spatial attention across feature
channels came from findings that spatial attention enhances neural responses at the attended
location across feature preferences.''='3

Readout. On each time step ¢, we pass the 256-D hidden state of the final recurrent block k3
as input to the readout mechanism.

For the VCS task, the model makes two predictions:

» what prediction: linear digit classifier (256 — 10) outputting logits for each digit class
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» where prediction: linear location predictor (256 — 100) outputting logits for positions in a
10 x 10 grid

Other readout heads used:

» Tinylmagenet: linear classifier (256 — 200) outputting logits for each Tinylmagenet class

* orientation change detection task: linear classifier (256 — 3) outputting logits for model
“saccade” (“left”, “center”, “right”)

 grating detection task: linear classifier (256 — 2) outputting logits for binary target

present judgment (“present”, “absent”)

Full forward pass through EAN. ¢ represents the time step, while i represents the convolu-
tional block index.

1 2 P
hOa h07 h?) T .fhidden init(log )\energy)
w? = Limage
# 4 time steps

fort=1to4do
# 3 convolutional blocks

fori=1to3do

! :=gain,(h} ) # compute gain map from hidden state

x! ;= cnn(x, ', G!) # con block: conv, gain, noise, ReLU, DivNorm

end
# 3 recurrent blocks
h; :=mn;(x} h} ) # ron block: integration, noise, RelLU, DivNorm
h? :=rmny(h}, h? )
h? :=rmn3(h? h} )
# readout (what and where prediction in the VCS task)

y%/vhat7 yxvhere = Freadout(h'g)
end

The hidden state is initialized using an MLP with 64-D hidden layer (1 — 64 — 256 x 3)
that takes energy-cost factor Aenergy @s input. For the first set of modeling results demonstrat-
ing that attention improves energy efficiency (Figure 4a), Aenergy is fixed for a single model
instance during training: 109 Aenergy € {—12, —11,..., —5}. For the second set of modeling re-
sults showing that attention enables flexible energy-accuracy trade-offs (Figure 4b), Aenergy IS
sampled from a distribution of energy prices on a trial-by-trial basis during training: 10g Aenergy
~ Uniform(—12, —6).

EAN loss. Total loss for one full forward pass is the sum of losses for the individual four time
steps £ = 3.,_, L,. Loss for an individual time step £, includes errors for what and where
components of the VCS task, energetic costs for action potentials and synaptic transmission,
and a small gain regularization term:
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Et = ﬁt : <)\what : ﬁ\tNhat + )\where : £¥vhere)

. (17)
+ 1/4 - Nenergy - (Map - L8 + Ast - L3T 4 Again - £327)

Awhat; Awheres Aenergy CONtrol the trade-off between the costs of task errors and energy use. We
set Awhat = 1 and Awnere = 1 since they were already in comparable ranges. Agnergy iS e€ither
fixed or sampled on a trial-by-trial basis (see above). L' is the cross-entropy between model
prediction of the digit class and one-hot label. £ is the KL divergence between a predicted
distribution over spatial locations and the “true” location map (see details in the neural network
training dataset generation ).

B, controls the importance of providing the correct answer on a given time step. We found that
giving equal weight across time steps (1, 82, 83, 84 = 1/4) led to models that, to a significant
degree, would not use further time steps and recurrent computation to improve their answer.
In contrast, models with all the weight on the last time step (51, 82, 53 = 0, 84 = 1) would arrive
at a better answer at ¢t = 4 than the constant 5, models, but they would not give meaningful
answers for t = 1, 2,3 (the model would not have any incentive to provide a correct answer
for the first three time steps). To strike a balance, we set 1, 82, 83 = 0.067, 8, = 0.8 This
encouraged the model to use recurrent computation to arrive at a better answer, but also
incentivized the model to provide a meaningful answer for all time steps (“anytime” behavior).

For the definitions of action potential loss £AF and synaptic transmission £57, see the energy-
accounting framework section below.

The gain regularization loss term £3" penalizes deviation of gain signals from neutral modu-
lation (G = 1). All else being equal, the regularization term nudges the gain values towards
neutral ones. It also prevents degenerate EAN-full solutions where many feature—spatial gain
combinations can produce identical modulation patterns (e.g., 0.8 (feature) x 1.25 (space) =
2 (feature) x 0.5 (space) = 1). For all gain types, the regularization loss term is the mean
absolute deviation of the pre-scaled gain values from 0.5 (the sigmoid value corresponding to
identity gain). For feature-based gain this is averaged across layers and channels:

. 1 L 1 &}
Cgaln, feature _ z Z ‘gief'éure ' (18)
=1 G
for spatial gain across spatial locations:
gain, spatlal spatial
L8 HW Z ‘Gt at .5’ (19)

and for temporal gain applied to the scalar gain value directly:

Egain, global
¥ =

gooval 0.5‘ (20)

The total regularization term sums over active gain types. We set A\g,n = 1000, which results
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in gain regularization term Again - E?ai” being one order of magnitude smaller than the sum of
the energy costs for action potentials and synaptic transmission, acting as a gentle regularizer
on the gain. Note that the gain regularization term is not included in the reported energy use
of the models.

Energy-accounting framework

The energy term consists of two components £ and £37, weighted by Aap and Ast. The
ratio between energy used for synaptic transmission and action potentials in real brains is
approximately 3-to-1."* To maintain this ratio in our model, we set Aap = 1.0 and Agt = 0.025,
so that (\st- £3T)/(\ap - £2P) ~ 3 during Tinylmagenet pre-training. We do not include resting
potentials' among the energy cost terms since all units in our models maintain the ability to
produce activations—resting potential cost would be approximately constant across models.

Action potentials. To account for action potentials, we treat post-ReLU activations as pro-
portional to neural firing rates''> and use their sum as the energetic cost, reflecting the total
metabolic cost of generating spikes:

LE=>">"y (21)

layers j

where y; are the post-ReLU activations summed over all units j per sample, flattening whatever
dimensions are present (spatial and channel dimensions for convolutional layers; hidden or
output dimensions for RNN and MLP layers). This is consistent with efficient coding models
and standard sparseness penalties on unit activity. '

Synaptic transmission. Previous work has used L1-norm of synaptic weights'’ or the sum of
absolute pre-activations'® as proxies. However, these measures have important limitations.

While an L1 penalty on the weights promotes structural sparsity, it does not account for activity-
dependent transmission costs, which depend on both the synaptic weight and the pre-synaptic
firing rate. A large weight incurs metabolic cost only when the pre-synaptic neuron is active, so
it may be cheap if the pre-synaptic neuron is highly selective and thus rarely active.

Measuring pre-activations operates at the wrong level of granularity. Pre-activation represents
the net input to a neuron after excitatory and inhibitory signals have already been summed.
This means high synaptic transmission costs can be masked when many individual synaptic
events cancel out.

To accurately capture the costs of synaptic transmission, we measure activity at the level of in-
dividual synapses before this summation occurs, that is, the absolute products of pre-synaptic
firing rates and synaptic weights (Fig. 2d). We implement these biologically plausible en-
ergy measures for action potentials and synaptic transmission across all EAN components,
including the convolutional layers in the visual hierarchy and recurrent layers in the attentional
controller.
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For a linear layer (used in MLPs and recurrent blocks) with input z € RY and weights W ¢
RN*M " synaptic the synaptic transmission cost is the sum of absolute products of inputs and
weights:

ST linear _ Z Z |, W (22)

iEN jEM

For a convolutional layer (used in convolutional blocks) with input £ € R"*#*¢ and convolu-
t|ona| We|ghts W c RCinXcoutXWkerneIXerrnel:

Lo =y > Y i i Wedss] (23)

z'y' €W’ x H' 1,7 € Wiernel X Hkemel ¢,d€Cin X Cout

Here (2/,4) index output spatial locations over the W’ x H’ output map, (i, j) index positions
within the Wiermel X Hkernet CONvolutional kernel, and ¢ € Ci,, d € Cyy index input and output
channels respectively. The input activation x )+ is the pre-synaptic firing rate at the
spatial position in the input map corresponding to the kernel offset (i, j) relative to output
location (2, y').

Computing synaptic transmission costs for every synapse would be prohibitively expensive, so
we develop a stochastic estimator that samples synapses during training. For linear layers, we
sample 5% of input neurons and 5% of output weights; for convolutional layers, we sample 5%
of input and output channels. The estimates are unbiased: sampled sums are rescaled by the
inverse sampling ratio to recover the full synaptic transmission cost in expectation. This enables
gradient-based optimization of the full model while maintaining a comprehensive account of
metabolic costs throughout the network. To ensure stable training, the energy costs £ and
LT are annealed gradually during training (see section on annealing below).

Noise. Biological neural systems contend with multiple inherent sources of noise—ion chan-
nel noise, synaptic noise, and thermal noise'®>—that corrupt neural signals. We add normally
distributed noise (0n0ise = 0.1) to the pre-activations of all model components (convolutional,
recurrent, and MLP layers), simulating intracellular voltage fluctuations and serving as a proxy
for the aggregate effect of many small synaptic noise events. The presence of noise estab-
lishes a biologically realistic, continuous trade-off between signal precision and energy: larger
activations yield higher signal-to-noise ratios but incur greater metabolic cost, making the ac-
tion potential and synaptic transmission terms in the loss meaningful throughout the network.
In convolutional blocks, noise is applied after gain modulation, consistent with neurophysiolog-
ical findings that gain modulation scales the signal while preserving internal noise levels.?° To
ensure stable training, noise magnitude is annealed gradually during training (see section on
annealing below).

Plotting energy use. All reported model energy use sums action potentials and synaptic
transmission for all components of the model across all time steps for a single trial:
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4
energy use = Map LA 4 g1 5T (24)
t t

t=1

To demonstrate energy-accuracy trade-offs (Fig. 4), we fit the generalized logistic (Richards)
function to log average trial energy-use against average trial what and where accuracy across
the energy-factor values Agnergy:

L
what/where accuracy = f(z) = (15 ek )iv +5b (25)
where z is the log average energy-use. The error bars in the energy-accuracy plots are
95% confidence intervals computed via bootstrapping (n=1000) showing variability across in-

stances.

To plot energy savings, we inverted the logistic fits for each accuracy level and plot how much
of the baseline energy is saved by each EAN version with respect to baseline.

Training

Noise and energy cost annealing during training. We found that immediate introduction
of full magnitude noise and energy costs during optimization destabilized optimization. We
therefore “anneal” both noise and energy costs gradually, scaling each by a weight wepocn €
[0, 1] that increases linearly from zero:

0.0 if epoch < nwarmup
epoch — Nyarmup .
Wepoch = o Pif Nwarmup < epoch < Nwarmup T Nanneal
anneal
1.0 if epoch > nywarmup + Nanneal

where nwamyp iS the number of epochs before any noise or energy cost is applied, and nanneal
is the number of epochs over which the weight increases from 0 to 1. The same procedure is
applied independently to noise and energy cost, with separate warmup and annealing epochs
for each. Noise and energy costs have the opposite effect on weight magnitudes. Noise
incentivizes increasing weights to maintain high signal-to-noise ratio. Energy costs incentivize
decreasing weights. For all tasks and datasets (Tinylmagenet pre-training, VCS, orientation
change detection, grating detection task), we first anneal the noise (which increases weight
magnitude) before annealing the energy cost (which decreases their magnitude).

TinylmageNet pre-training. Biological visual systems learn general-purpose representations
that can be flexibly deployed across many tasks.?' We hypothesized that attentional mecha-
nisms should adapt general visual features to specific task demands, rather than the visual
hierarchy itself being optimized for a single task. Consistent with this, we found that models
trained end-to-end on VCS developed filters that discriminated digits from letters already in the
first convolutional layer—a biologically unrealistic degree of task specialization. We therefore
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pre-train the visual hierarchy on object classification using the TinylmageNet dataset?® (200
classes, 100k train / 10k validation images), then freeze its weights before training the atten-
tional controller and readout on VCS. This fixes the pre-attentional selectivity of all units in the
visual hierarchy, so that each downstream task adapts only the attentional controller and gain
mechanisms.

Pre-training used a single feedforward time step without gain mechanisms, a 200-way softmax
readout, and a small energy-cost factor (sampled during training log Aenergy ~ Uniform(—12, —9))
to encourage energy efficiency of the base feedforward visual hierarchy. We converted images
to grayscale and used image augmentation techniques during training to prevent overfitting:
random resized cropping, horizontal flipping, TrivialAugmentWide,?® normalization using Tiny-
Imagenet statistics, and random erasing. We trained for 300 epochs with batch size 128 using
AdamW?2* (learning rate 5 x 1074, betas [0.9, 0.999], weight decay 0.0) with a StepLR scheduler
(step size 150, v = 0.5). We set the noise anneal parameters t0 nwarmup = 80, Nannea = O,
and energy anneal parameters t0 nyarmup = 100, nannear = 10. The pre-trained model achieved
~27% top-1 validation accuracy—Ilower than state-of-the-art, which is expected given relatively
small model size, added noise, and energy regularization.

Training the attentional controller and gain mechanisms for VCS. After pre-training the
model on Tiny ImageNet, we froze the weights in convolutional layers, and only adapted the
attentional controller (including the hidden state initialization MLP), MLPs implementing gain
mechanisms, and readout layers.

We trained all models for 200 epochs on our task (where each epoch consisted of 60k input
images, batch size 128). For each batch, we generate novel search images using the digits
and letters from MNIST and EMNIST training splits.

We used AdamW with the same hyperparameters as for pre-training. For noise annealing, we
set njgee,, = b and niose, = 5. For energy cost annealing, we set nyzamup = 10 and ng 2o = 5.

We applied StepLR rate scheduler with step size 80 and gamma 0.5.

In the Aenergy-fixed regime, we fixed the energy-cost factor Aenergy for each training run:

log Aenergy € {—12, —11, —10, -9, -8, =7, —6, —5} (26)

and trained 5 model instances from different random seeds per energy-cost factor per model
type, resulting in 5 (model types) x5 (instances) x8 (energy cost factors) = 200 (total instances trained).

In the Aenergy-flexible regime, we sample log Aenergy ~ Uniform(—12, —6) during training and
train 5 model instances from different random seeds per model type, where each instance is
exposed to the whole distribution of energy-cost factors: 5 (model types) x 5 (instances) =
25 (total instances trained).
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Human-model VCS comparisons

Qualitative model behavior. For the qualitative comparison between human and model
behavior (Fig. 5a), we plot model performance at a single intermediate energy cost (log
Aenergy = —7.7) from the Agnergy-flexible regime. Model accuracy is plotted as a function of
time step (left column, top axis) alongside human accuracy as a function of presentation time
(left column, bottom axis), and as a function of number of distractors (right column). As a
qualitative proxy for human difficulty judgments, we use model prediction entropy in the what
dimension. Unless otherwise noted, all model accuracies reported throughout the paper are
from the final time step (¢ = 4); this panel is the exception, where we show accuracy across
all time steps to illustrate the dynamics of recurrent inference. Shaded regions reflect 95%
bootstrapped confidence intervals across model instances and 400 search images from the
VCS behavioral dataset.

What and where error consistency. We used Cohen’s x?° to measure “error consistency”?®
between pairs of classifiers (human—human or human—model), defined as:

_ Cobs — Cexp (27)
1 - Cexp

where cqs is the observed proportion of trials on which both classifiers gave the same re-
sponse (both correct or both incorrect), and cep = a1as + (1 — a1)(1 — ay) is the proportion
expected by chance given their respective accuracies a; and a,. Error consistency thus mea-
sures trial-by-trial agreement while controlling for agreement expected by chance given the
marginal accuracies of each classifier.

For human—-human error consistency, we computed « for every pair of subjects on the trials
they both completed, separately for the what and where components, and report the mean
across all pairs. The shaded region in Fig. 5b for human—human error consistency represents
95% bootstrapped confidence intervals (n=10,000), reflecting variability in error consistency
across different pairs of subjects.

For human—model error consistency, we used model predictions from the final time step (¢t = 4)
in the Aenergy-flexible regime. For each model type trained in the Aenergy flexible regime, we
computed x between each model instance and each human subject, for each energy-cost
factor Aenergy Used at evaluation. We report « as a function of Aenergy (Fig. 5b), averaging across
model instances and human subjects. Shaded regions reflect 95% bootstrapped confidence
intervals.

Predicting human difficulty judgments. We tested whether model-derived measures could
explain variance in human trial-level difficulty judgments beyond basic stimulus properties. For
each trial, we averaged difficulty ratings (z-scored per subject) across subjects to obtain a
single trial-level difficulty score. We used models trained under the Agnergy-flexible regime.

We first quantified variance explained by stimulus parameters alone using ordinary least squares
(OLS) regression with the number of distractors and image noise as predictors. We then tested
whether model-derived covariates—itrial-level energy use and prediction entropy (entropy of
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the what and where output distributions)—explained additional variance beyond stimulus pa-
rameters. For each model variant and energy-cost value Aenergy, We fit three nested regres-
sion models: (1) stimulus parameters plus model energy use, (2) stimulus parameters plus
prediction entropy, and (3) stimulus parameters plus both energy use and prediction entropy.
Additional R* was computed as the difference in R? between each nested model and the
stimulus-parameters-only baseline. All predictors were standardized before fitting.

For each model variant, we selected the energy-cost factor Aenergy that maximized the additional
R? for each set of covariates (see Extended Data Fig 2 for results across the full range of energy
costs).

Statistical significance was assessed using a bootstrap procedure (1,000 iterations, resampling
3,000 trials with replacement from the 389 behavioral trials per iteration). For each bootstrap
sample, we fit all regression models and computed additional R* values. To test whether
each EAN variant explained significantly more variance than the baseline model, we computed
the bootstrap distribution of pairwise differences in additional R? and derived two-tailed p-
values, corrected for multiple comparisons using the Bonferroni method (4 comparisons against
baseline per metric).

Electrophysiology replication

Cohen & Maunsell [27]: firing rate, mean-matched Fano factor, noise correlation.

Orientation change detection task. We implemented a simplified four-time-step version of
the orientation change detection task from Cohen & Maunsell [27]. On each trial, the model
receives a 64 x 64 grayscale image containing two sinusoidal gratings (4 cycles, radius 8
pixels) presented simultaneously on the left (centered at pixel [25, 16]) and right (centered at
pixel [25,48]) sides of the display, viewed through Gaussian apertures (o = /2, where r = 8
is the aperture radius in pixels), forming Gabor patches. On the first time step (cue frame), an
attentional cue (a small white or black 3 x 3 square at the image center) indicates which side
is likely to change, and both gratings are visible left and right of the cue. On one of time steps
2—4 (uniformly sampled), the orientation of one grating changes by a random amount sampled
uniformly from [1°,90°] (with uniformly sampled sign). The change persists for the remainder
of the trial. On 80% of trials the change occurs on the cued side (valid trials); on the remaining
20% it occurs on the uncued side (invalid trials).

Instead of the dual what and where readout used in VCS, we implemented a 3-way “saccade”
readout (“left”, “center”, “right”). The model was trained using the cross-entropy loss to output
“center” on all time steps except the change time step, and “left” or “right” on the change time

step depending on which side changed.

Training details. As for VCS, we kept the pre-trained visual hierarchy frozen and trained only
the attentional controller (EAN-full), gain mechanisms, and saccade readout under the Agnergy-
flexible regime. We trained for 50 epochs using AdamW (learning rate 5 x 10~%) with noise

energy

: i . i o : o energy _
annealing (ngamu = 9 Mamear = D) @nd energy cost annealing (nwarmup = 39, Nggneal = )-
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Each epoch consisted of 2,000 trials. In the gain mechanisms, we multiplied the input to the
sigmoid by a factor of 0.1, essentially reducing “gain sensitivity” to encourage more stable
training. Below, we analyze the model under Agnergy= —10.

To encourage the model to develop a unimodal spatial attention pattern (attending to the cued
side), we initialized the cue validity probability at 100% and only decreased it to 80% for the last
epoch. The cue validity schedule was designed to address a practical training challenge: the
model lacked a built-in unimodal spatial attention prior. Starting with 100% valid cues allowed
the model to first learn to attend to the cued side, before introducing invalid trials that required
the model to occasionally detect changes at the uncued location.

Experimental days replication. To replicate the experimental design of Cohen & Maunsell
[27], for our analysis of the trained model we fixed the pre-change orientations of both gratings
within each simulated recording “day” (50 days total, each with a unique pair of orientations),
with many repetitions per day (20 repetitions).

Activation to spike rate conversion. To compare model activations with electrophysiological
recordings, we converted post-ReLU activations from convolutional layer conv3 (256 channels,
corresponding to an intermediate-to-high visual area analogous to V4) to simulated spike rates.
We extracted activations with receptive fields corresponding to the left and right grating centers,
yielding 256 “units” per side. Activations were linearly scaled by a factor of 300 and offset by a
baseline rate of 1 spike/s:

Ty = Q- Qi + Tpaseline (28)

where a; is the post-ReLU activation of unit i, « = 300 is the scaling factor, and ryaseiine = 1.
We then sampled spike counts from a Poisson distribution with rate r; to introduce realistic trial-
to-trial variability. Following Cohen & Maunsell [27], all analyses used only correctly completed
trials, and activations were taken from the time step immediately preceding the orientation
change (excluding the first time step, as the model has not yet processed the attentional cue).

Mean-matched Fano factor. We computed the mean-matched Fano factor following the pro-
cedures described in Cohen & Maunsell [27] and Churchland et al. [28]. For each simulated
recording day, we computed the mean spike count and variance for each unit under attended
and unattended conditions. We then found the common distribution of mean firing rates across
all day—attention—side combinations by binning mean firing rates into 10 percentile-based bins
and taking the minimum count per bin across all conditions. Units were subsampled from each
condition to match this common distribution, ensuring that any differences in Fano factor be-
tween attended and unattended conditions could not be attributed to differences in mean firing
rate. The Fano factor was estimated as the slope of a linear regression of spike count variance
on spike count mean across the matched population. To obtain realistic Fano factor values, we
divided the raw spike count variance by a factor of 20, compensating for the inflated trial-to-trial
variability introduced by the activation-to-spike-rate scaling.

Noise correlation. Noise correlations were computed as Pearson correlations between pairs
of units’ spike counts across trials, separately for each day and attentional condition. We com-
puted within-“hemisphere” correlations (pairs of units with receptive fields on the same side)
and across-“hemisphere” correlations (pairs with receptive fields on opposite sides), further
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split by whether the units’ receptive fields were in the attended or unattended side. For each
unit, we averaged its pairwise noise correlations with all other units in the same condition
(within-side attended, within-side unattended, or opposite-sides). These per-unit mean noise
correlations were plotted as a function of the unit’'s mean firing rate, binned into 10 equally
spaced bins from 1 to 40 spikes/s. Units with firing rates exceeding 100 spikes/s were ex-
cluded.

Debes & Dragoi [29]: V4— V1 optogenetic feedback suppression.

Grating detection task. We implemented a simplified four-time-step version of the grating
detection task from Debes & Dragoi [29]. On each trial, the model receives a 64 x 64 grayscale
image that can contain sinusoidal gratings (3 cycles, radius 5 pixels) on the left (centered at
[25, 16]) and/or right (centered at [25, 48]) sides, viewed through hard-edged circular apertures
(radius 5 pixels). On the first time step, an attentional cue (a small white or black 3 x 3 square)
indicates which side to report. On either the second or third time step (uniformly sampled),
the stimulus frame is presented; the remaining time steps show an empty gray display. The
presence of a grating on each side is independently sampled (50% probability), and when
present, its contrast is uniformly sampled from [0, 0.5] and its orientation is uniformly sampled
from [0, 7). Following the original experiment, the cue is 100% valid: at the end of the trial,
the model must report whether a grating is present on the cued side, ignoring the other side.
The model uses a binary readout (“present” vs. “absent”) and the model is trained using the
cross-entropy loss.

Training details. We used EAN-spatial for this task and trained for 30 epochs using AdamW
(learning rate 5 x 10~*) with noise annealing (2%, = 2, 7hone = 2) and energy cost anneal-

iNg (nwarmup = 4, Naney = 2). Each epoch consisted of 10,000 trials. As for the other tasks,
we kept the pre-trained visual hierarchy frozen and trained only the attentional controller, gain
mechanisms, and readout under the Acnergy-flexible regime. We used log Aenergy= —7 for the

analysis below.

Model “optogenetics”: feedback suppression. To model the optogenetic suppression of
V4—V1 feedback from Debes & Dragoi [29], we implemented a gain suppression procedure
that stochastically dampens the top-down gain signal from the attentional controller to the vi-
sual hierarchy (model “optogenetics”). On each trial, we sample whether gain suppression
is applied (50% probability, matching the laser-on/laser-off design of the original experiment).
When gain suppression is active, the gain signal at the stimulus onset time step is dampened
toward neutral modulation:

gsuppressed =1+s50 (g - 1) (29)

where s = exp(—|z|-7), z ~ N (0, I') is sampled independently per unit, and v = 50.0 controls
suppression strength. Suppression is applied on 50% of trials at the stimulus onset time step;
on the remaining trials v = 0, so s = 1 and the gain is unmodified. When s = 0, the gainis fully
suppressed to neutral (Gsuppressed = 1, €quivalent to removing all top-down modulation). Gain
suppression was applied to cnn1 (the earliest convolutional layer, analogous to V1), consistent
with the V4—V1 feedback pathway targeted in the original optogenetic experiment.

Analysis. We extracted activations from cnnl (64 channels) at the spatial locations corre-
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sponding to the left and right grating centers, and converted them to firing rates using the
same linear scaling procedure as for the orientation change detection task. Behavioral “target
reports (%)” measures the proportion of trials the model reports that the grating is “present”
at the cued side as a function of grating contrast for each combination of attentional condition
(control vs. gain-suppressed). We replicated the key analyses from Debes & Dragoi [29]: (1)
the effect of feedback suppression on behavioral target reports as a function of contrast, (2) the
effect of feedback suppression on cnn1 firing rates (analogous to V1) as a function of time step
and attentional condition, and (3) the contrast-dependence of feedback suppression effects on
firing rates.
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Data and Code Availability

Data and code is available at https://github. com/eivinasbutkus/how-attention-saves-
energy-in-vision.
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Supplementary Information

Robustness of energy savings to gain application costs

Our energy-accounting framework measures the cost of computing gain signals through the
attentional controller and gain MLPs—including synaptic transmission and action potentials in
all layers of these components. However, the biophysical cost of applying multiplicative gain
to target neurons (e.g., via dendritic or synaptic mechanisms) is not explicitly measured as a
separate term.

Part of the application cost is implicitly captured: the second layer of each gain MLP produces
the gain values, and its synaptic transmission cost scales with the magnitude of the gain signal.
Nonetheless, the true biological cost of gain modulation at the target site may exceed what our
framework currently accounts for.

To assess whether our conclusions are robust to this underestimation, we computed an upper
bound on how much more expensive the non-CNN components (attentional controller and gain
mechanisms) could be while still yielding net energy savings. Comparing baseline (log Aenergy =
—9, mean what accuracy = 44.7%) and EAN-full (log Aenerqy = —7, mean what accuracy
= 53.8%) in the fixed Aenergy regime (Fig. 4d), the CNN visual hierarchy accounts for ~96% of
total energy use, while the RNN and gain mechanisms together account for only ~4%. The net
energy savings from attention are approximately 19 times larger than EAN-full’s total non-CNN
energy expenditure. This means that even if the costs associated with the attentional controller
and gain mechanisms—including any unmeasured gain application costs—were ~19x higher
than currently estimated, attention would still break even energetically. Any smaller costs would
preserve net savings. Note that this is a conservative bound, since EAN-full also achieves
substantially higher accuracy than the baseline in this comparison.

Our energy-accounting framework is readily extensible: as empirical estimates of gain appli-
cation costs become available, they can be incorporated as additional terms in the objective
without modifying the overall architecture or training procedure.
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