nature neuroscience

Article

https://doi.org/10.1038/s41593-026-02207-1
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object and texture manifolds across the
visual hierarchy
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Visual neurons respond to a vast range of images, from textures to objects,
but the rules linking these responses remain unclear. Although tuning
tosimple features is well established in the primary visual cortex, this
framework breaks down in higher areas, where neurons encode diverse

and unpredictable features. To ask what features neurons prioritize,

we used generative models (deep networks that synthesize new images
fromalearned latent space), allowing neuronsin V1, V4 and the posterior
inferotemporal cortex (PIT) to guide image synthesis through closed-loop
optimization. We compared models that emphasize texture versus those
thatemphasize object structure. Although V1and V4 aligned more strongly
with texture-based spaces, many PIT neurons responded equally well to both
types of optimized images, revealing a focus on shared local motifs rather
than whole-object templates, and this alignment to objects emerged later
intheir response. These findings reveal coding principles across the ventral

stream and clarify the limits of current vision models.

To understand the visual brain, we must examine what activates its
constituent neurons. For decades, highly activatingimages have been
used as hypotheses about the types of visual information and latent
factors encoded by individual neurons and cortical columns. Such
factors have ranged from physical properties such as orientation'?,
direction®* and depth®®, to high-level categorical examples such as
faces’, bodies®and places’. Acommon aspiration was that by defining
the function of neurons within each hypothesis-driven subspace, we
could generalize neuronal tuning functions across natural scenes'.
However, when neurons are probed with broad image sets, their
responses often defy expectations. Most visual cortex neurons
respond strongly to images that share little to no semantic relation-
ship. Forinstance, a single neuron might respond robustly to a picture
of acentipede, atruckand abridge (Fig.1a(i,ii)). Even primary visual
cortex (V1) neurons, typically described as tuned to oriented contours,
often show higher activity to specific natural images, suggesting
that other triggering features may be present but not obvious to the
human eye (Fig. 1a(iii)). Thus, one hypothesis is that visual neurons

encode sub-categorical ‘critical’ features™ that recur across objects
and scenes. Such features are difficult to define a priori, perhaps
because humans, when viewing whole objects and crowded scenes,
lose the facility toisolate constituent local features'>**. The question
becomes how we explain the capacity of neurons to extract meaning-
ful signals from globally different images.

One approach to identify these activating ‘critical features’ is to
probe neurons with syntheticimages from deep generative networks.
Generative adversarial networks (GANs) learn statistical regularitiesin
natural scenes and can produce new examples®. They can smoothly
interpolate between known features across unknown intermediate
patterns that might be of interest to the neuron. GANs map vectors
fromalatent space toimages (Fig. 1b), parametrizing image manifolds.
Searching within these manifolds (Fig. 1c) allows us to turn neuronal
activity into activating image sets containing critical features and to
map the broader response range and tuning of individual neurons and
microclusters (that is, cortical columns or other forms of multi-unit
activity). Thisapproach has been used to study units in deep networks*
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Fig.1| Texture and objectimage manifolds as parameterized by DeePSim
and BigGAN. a, Most visual neurons respond strongly to sets of natural images
with little semantic relation. Each curve shows responses to randomly sampled
images (top, most activating; bottom, least activating). Shaded areas: s.e.m.

b, Architecture and image statistics of the two generative models. (i) DeePSim
uses an up-convolutional architecture that generates texture-like, less
photorealisticimages with a4,096-dimensional latent space. (ii) BigGAN
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and produces object-centric, photorealistic images. Each generator defines
acontinuous image manifold mapping latent codes to naturalistic images.

¢, Conceptual framework: neuronal firing rates guide searches across generative
manifolds to locate response maxima. Parallel optimizations in DeePSim
(texture manifold) and BigGAN (object manifold) reveal complementary aspects
of neuronal tuning across the visual cortex.

and neuronsin the primate visual cortex”"?; more broadly, generative
networks have become essential tools in neuroscience research? .
Yet theimage priors of such models matter. Our earlier work relied on
DeePSim?, a powerfully expressive model that approximates photo-
graphsand extrapolates beyondits training distribution (for example,
color-inverted or scrambled images; see supplementary Figs. S19 and
S20 inref. 16). However, most DeePSim synthetic images do not look
like photographs, lacking full objects or semantic meaning. By contrast,
BigGAN was trained on ImageNet” to generate object-centered, pho-
torealistic images with explicit category conditioning”. However, this
modeldoes notreadily produce object-freeimages, andit is not certain
how well it can produce images with features and statistics outside of
its training distribution. Testing neurons with both generators thus
offers complementary views of visual feature representation. Here,
we used our understanding of the geometry of generative networks’
latent spaces®®and their suitable evolutionary algorithms® to optimize
images that activate neurons along the macaque occipito-temporal
pathway. We compared how DeePSim and BigGAN spaces suited the
tuning of neuronsinVl, V4 and PIT. These generators span large image
manifolds with contrasting priors, providing strong tests of neuronal
adaptability. We assessed alignment between neuronal tuning and each
generative space based onthree factors: optimization ease (reflecting
smoother tuning landscapes), activation before and after image opti-
mization (proximity to tuning peaks) and optimization speed (faster
convergence indicating better alignment). This alignment reveals
principles underlying ventral stream coding.

Results

Our goal was to compare how visual neurons responded when tested
with two different types of generative models. These models rep-
resent contrasting priors or ‘visual languages’: DeePSim produces
textural patterns without coherent objects, whereas BigGAN pro-
duces object-like images with photorealistic detail. By optimizing
images in both spaces simultaneously, we asked whether neurons
across the ventral stream aligned better with texture-based or
object-based representations.

We have organized the Results section into five stages. First,
we describe the properties of DeePSim and BigGAN, highlighting
how their images differ and the hyperparameter tuning specific to
each latent space (Stage 1). Next, we show that neurons can guide
optimizationinboth spaces, often driving different-looking images
that nonetheless share critical local features (Stage 2). We then
compare alignment across the ventral hierarchy, showing that V1
and V4 neurons aligned better with the textural space, whereas PIT
neurons aligned well with both (Stage 3). We extend this analysis
to neural dynamics, revealing that PIT neurons initially responded
more to textures but later favored object-based features (Stage 4).
Finally, we examine tuning function shapes, showing that neurons
candisplay bell-shaped or ramp-like tuning depending on how close
optimization comes to their preferred features (Stage 5). Together,
these stages outline how neurons align with differentimage spaces,
shedding light on the organization of the ventral visual hierarchy
and model limitations.

Nature Neuroscience


http://www.nature.com/natureneuroscience

Article

https://doi.org/10.1038/s41593-026-02207-1

Characterizing generators and adapting closed-loop
optimization

Before turning to the biology, we first tested the visual impression
that DeePSim generated abstract textural patterns, whereas BigGAN
produced object-like, naturalistic images. Quantitative analyses
showed that BigGAN'’s image distribution was closer to real object
photographs (for example, Fréchet inception distance (FID) to Ima-
geNet of 10 vs 197 for DeePSim; Extended Data Fig. 1a) and different
for many low-level metrics (Extended DataFig. 1b). To test expressivity,
we performed animageinversion task to assess how well each genera-
tor could reconstruct random photographs. DeePSim reconstructed
them much more faithfully than BigGAN, which tended to produce
object-like outputs regardless of the target*® (Extended Data Fig. 1c).
Thus, DeePSim’s latent space was more flexible, whereas BigGAN traded
flexibility for object-centric priors, acontrast thatisideal for probing
the visual cortex.

Next, we tuned hyperparameters in silico using hidden units in
convolutional neural networks (CNNs), which share key properties
with visual neurons®. Real-time image optimization in vivo relies on
aclosed loop between an image generator and a search algorithm®;
here, we used the covariance matrix adaptation evolutionary strategy
(CMA-ES)"1833 To adapt it to BigGAN, we adjusted the exploration step
using CNN units® before in vivo testing. With this adjustment (step of
0.06-0.4 vs 3.0 for DeePSim), the same algorithm (CMA-ES) optimized
successfully inboth generators without further changes (see Methods).
Giventhat this process used evolutionary algorithms, we refer to each
optimization run as an evolution.

We also conducted parallel evolution experiments on CNN units,
selecting driver units with receptive fields at the image center and
then running ten evolutions per generative model. Across all units,
optimization in the texture manifold consistently produced higher
activations than in the object manifold, regardless of optimization
algorithm or layer in the network (DeePSim > BigGAN, paired t-test,
tio>24.7, P< 4.7 x107¥ for all layers; Extended Data Fig. 1d for gra-
dient ascent and Extended Data Fig. 2 for evolutionary algorithms).
This texture preference persisted even in the final object classifica-
tion layer, reflecting the texture bias of vision networks**. We then
asked the question of whether this prediction would hold for the
ventral stream.

Neuron-guided image synthesis in two generative spaces
Having adapted this new generator for in silico optimization, we next
compared how visual cortex neurons directed image optimizationin
each generative space. We conducted parallel evolution experiments
using two male macaque monkeys (monkeys A and B; later experiments
included two more: monkeys C and D), implanted with chronic float-
ing microelectrode arrays in three visual cortical areas (V1, posterior
to the lunate sulcus; V4, on the prelunate gyrus; and PIT, anterior to
the inferior occipital sulcus). Each day, after sorting and classifying
neuronal signals into single-units or multi-units, we mapped receptive
fields and selected a visually responsive unit as the driver unit of the
session. Usingits firing rate as the optimization target, we conducted
two parallel evolutions (threads): one searching within the BigGAN
manifold and the other within the DeePSim manifold, each with asepa-
rate optimizer configured for its space.

Ineach generation/block,images proposed by both threads were
randomly interleaved to control for recording quality and behavio-
ral state. Each image was shown once for 100 ms on and 150 ms off,
with three to five images per trial and with fixation required within a
1°-radius window. After presentation, the mean firing rate (50-200 ms
window) for each image was used as a scalar score for the optimizers,
which then proposed new latent vectors for the next block (Fig. 2a).
We collected 170 paired evolutions and retained 154 sessions (90 from
monkey A, 64 from monkey B) after excluding unstable or short ses-
sions (<15 blocks).

In a representative PIT multi-unit experiment from monkey A,
both texture-based and object-based algorithms increased firing rates
(Fig.2b). Optimized images showed different global configurations but
shared local motifs. DeePSim began from amorphous textures, while
BigGAN began with awell-formed alpaca-like shape. After convergence,
thedriver unitguided DeePSim toward abrown curved surface and Big-
GAN toward abird-like creature on grass (Fig. 2c). Below, we will show
thatingeneral, neurons guided both generators to synthesize local fea-
tures, such asthe curved edge presentinthe bird’s neck, well-isolated
inthe DeePSim evolution. Despite their global dissimilarity, both sets
evoked comparable firing rates (mean firing rate for images of the
last two blocks; t-test t,,s = 0.97, P=0.33), suggesting that the neuron
responded similarly when key local features were present. Peri-stimulus
time histograms (PSTHs) revealed longer peak response latencies to the
object than texture images (Fig. 2d), quantified across the population
inanupcoming section.

Image similarity was local and related to response dynamics
Individual neuronal sites could drive the evolution of syntheticimages
using two generators (texture-based DeePSim and object-based Big-
GAN). Visual inspection suggested that the same neurons produced
globally distinct but locally similar images. For instance, IT site 20 in
monkey B evolved two distinct images (Fig. 3a): the BigGAN image
resembled adark, rounded object with an orange-red center, while the
DeePSimimage was more of a pastiche of colors yet contained a similar
orange-red feature in the same location. Both were equally activating
(Fig.3b). This raised two possibilities: either this site represented unre-
lated images (as in superposition and polysemanticity®) or it focused
onshared local regions®.

We investigated these alternatives by generating spatial attribu-
tion masks that localized image regions most associated with neural
activity. Masks were derived by linearly regressing recorded neuronal
responses onto deep features from the final convolutional layer (conv5)
of AlexNet. For each spatial locationin the 13 x 13 activation map, hid-
den unit activations defined the feature vector for each local image
patch,and alinear model predicted neural responses across all evolved
images, yielding spatial attribution based on adjusted R? (Fig. 3¢).
Spatial masks were smoother and cohesive when evolutions were suc-
cessful (Extended DataFig. 3). We then measured correlations among
attribution masks for DeePSim-BigGAN pairs from the same sites
(n=84)versus different sites. Same-site correlations ranged between
-0.18 and 0.60 (median, 0.13 + 0.029). By contrast, the mask correla-
tions for different drivers ranged between -0.43 and 0.52 (median,
0.004 +0.008, P=6.0 x107, Wilcoxon signed-rank test). Additional
perceptual similarity analyses® (learned perceptual image patch simi-
larity (LPIPS)) confirmed that same-site pairs shared concentrated local
similarity patches rather than global overlap (Extended Data Fig. 3).

To identify preferred features, we fit predictive models to each
evolution’s image-response data and re-optimized images in silico
to generate ‘feature exemplars’ that emphasized salient features™
(Methods and Fig. 3f). We then tested whether paired evolution
images were more similar by computing their feature-space similar-
ity withapretrained encoder. Feature-space similarity between maxi-
mal DeePSim and BigGAN images for the same unit was higher than
between unmatched drivers (ResNet50-robust layer 4 embedding,
paired vsunpaired, mean + s.d., 0.414 + 0.084,n =154 vs 0.397 + 0.078,
n=23,562; independent t-test, t,3,,, = 2.61, P=9.1x107%). Similarity
increased for re-evolved exemplars (paired vs unpaired, 0.539 + 0.076
(n=154) vs 0.521+0.073 (n=23,562); t537,,,=2.97, P=2.9x107%;
Extended Data Fig. 3e), with consistent results across encoders (for
example, AlexNet, VGG). Parallel in silico analyses showed the same
pattern: dual-evolutionimages generated by the same hidden unit were
more similar than those from different units (Extended Data Fig. 2d).

Finally, we asked how image similarity related to neuronal dynam-
ics. We computed the mean PSTH during the maximum activation block
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ineach generative space and compared these paired PSTHs. The inte-
grated absolute difference between the two normalized paired PSTHs
(dpsty) predicted image similarity (C.mpeq), With a Pearson correlation
of —0.293 (n =87, P= 0.006 for successful evolutions; Fig. 3g). In this
analysis, the PSTH distance was abetter predictor of image dissimilar-
ity than the difference in mean firing rate d,. (-0.098, n=87,P=0.37
(NS)). Thus, the temporal response structure carried information about
cross-generator image similarity.

Together, these results indicate that neurons guided image syn-
thesisintwo distinct latent spaces that nonetheless shared local visual
features. Although superposition may still occur in certain temporal
windows, these results show that neurons could adapt to both spaces
when overlapping local features were present.

Alignment as a facility of hill climbing

Here, we examine how each generative latent space aligned with neu-
ronal tuning. We reasoned that because the optimizer operates in
the GAN latent space, the neuronal tuning function with respect to
the latent variables can be conceptualized as an energy landscape; a
smootherlandscape wouldyield easier optimizations: higher success
rates, faster convergence and greater peak activation. We quantified
alignment using three complementary metrics: facility of hill climbing,

reflecting optimization success; the climb’s start and endpoint, defined
by activations to unoptimized and optimized images; and climb speed,
indicated by convergence rate. Mathematical treatments of the con-
cepts Alignment and Manifold appear in the Extended Data.

We first asked how easily neurons in each visual area could guide
the evolution process on each image manifold, quantifying this
through the success rate across evolution experiments. An evolution
was deemed successful if neuronal activity in two consecutive blocks
exceeded that of the first two blocks (50-200 ms window, 25-40 images
per block, Student’s ¢-test). Using this criterion (P < 0.01), the over-
all success rate of BigGAN evolutions (55.2%; 95% Cl (48.6%, 61.6%))
was lower than that of DeePSim (74.0%; 95% CI (67.8%, 79.3)). Under
amore lenient criterion (P < 0.05), rates were comparable: DeePSim,
75.3%; 95% CI (69.1%, 80.5%) vs BigGAN, 67.5%; 95% CI (61.0%, 73.3%)
(Extended Data Table 1). However, success patterns differed across
areas. For object evolutions, the success rate increased from V1
(0 out of 10), through V4 (20 out of 38) and PIT (61%; 65 out 0f 106). By
contrast, for texture evolutions, the successrate fell from V1 (100%; 10
outof10) through V4 (37 out of 38) to PIT (67 out of 106; Fig. 4a). These
trends persisted across alternative metrics (Extended Data Table 1).
Thus, texture and object spaces diverged sharply in V1 and V4 but
showed comparable successin PIT.
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correlations were higher for the same driver than for different drivers.f, (i)
Additional examples of evolved images. (ii) PSTHs for the most activating blocks
(mean +s.e.m.). (iii) Re-optimized ‘feature exemplars’ from computational
models of the recorded evolutions. g, Image similarity (ResNet50 layer 4
embeddings) was inversely correlated with PSTH differences across paired
evolutions (Pearson’sr=-0.29, P=6.0 x 107, n =87, two-sided).

In PIT, evolution success in one space correlated with success in
the other (y% =18.55, P=1.7 x107%), suggesting that common factors
such asresponsiveness or signal quality partially determined success
in both spaces. Overall, visual cortex neurons could guide different
image generators to produce highly activating stimuli, consistent
with smooth, continuous tuning on bothimage manifolds that allowed
optimizers to ‘climb’ slopes in each space. The differences across the
hierarchyindicated stronger alignment of texture parametrizationin
Vland V4, and comparable alignment of object and texture parametri-
zationsin PIT (Fig. 4e).

Alignment as the starting and ending points of hill climbing

Next, we examined how each generator’s priors aligned with different
areas before optimization. Specifically, we asked whether neuronal
responses to the earliest generations from the texture and object

generators differed, and if so, in what visual area. Spike rates were
normalized (z-scores) and grouped by generator type (DeePSim or
BigGAN). In the first generation, BigGAN generally evoked higher
activations across all areas (Fig. 4b; BigGAN > DeePSim, paired t-test,
max > initial, P< 0.05, t,=-3.491, P=6.8 x 107 for V1, t;, =—4.399,
P=8.9x107 for V4, t;ps=—9.286, P=2.4 x 107 for PIT, n = 154 experi-
ments). However, V1and V4 neurons rapidly climbed in texture space,
and within the first few generations, their responses matched: for
the first four blocks, we found no significant differences in median
responses to early images from V1 (z-score, median + s.e.m.: Big-
GAN =-0.09 + 0.11, DeePSim = -0.12 + 0.09; P = 0.84, Wilcoxon rank
sum test, rank-biserial correlation =1.15, n = 11 paired values) or from V4
(BigGAN =-0.23 + 0.09, DeePSim = -0.25 + 0.08; P= 0.73, rank-biserial
correlation =1.10, n =25 paired values). By contrast, PIT responses
diverged (BigGAN =-0.04 + 0.09, DeePSim =-0.34 + 0.06; P < 0.002,
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tz = —4.25, P =14 x10"*;and IT: tg5 = —7.32, P = 1.3 x 10 C after

optimization: VL: ty = 4.65, P = 1.2 X 10> V4: £35 = 5.99, P= 7.3 x 107 ;
andIT: tgs = —1.41, P = 0.16. Sample sizes (sessionsin which at least one thread
succeeded, P< 0.05) were V1, n=10;V4,n=37;andIT, n=86.**P<0.01;
**P<(0.001; ***P<0.0001. ¢, Alignment measured by evolution trajectory.
Normalized block-mean response trajectories or sessions in which both threads
succeeded. Thinlines indicate the trajectory of individual threads; thick line
indicates the mean across threads; shading indicates s.e.m. Sample sizes
(sessionsin which both threads succeeded, P< 0.05) were V1,n=2;V4,n=24;and
IT, n= 61.d, Convergence time constants for successful threads. Time constants
were estimated from normalized response trajectories for successful threads.
Small dots represent individual evolution threads, and large symbols denote the
mean and 95% Cl of the mean. Sample sizes (successful threads, unpaired,
P<0.01) were DeePSim (blue dots): V1,n=10; V4,n =37;and IT, n = 67; BigGAN
(reddots):V1,n=0;V4,n=20;IT,n=65.e, Schematic summary. Along the ventral
hierarchy, neuronal alignment with DeePSim (blue) decreased while alignment
with BigGAN (red) increased, converging at a similar level in PIT.

rank-biserial correlation =1.49, n = 60 paired values). Collectively, the
default visual statistics learned by BigGAN were well-suited for visual
neurons, compared to theinitial textures learned by DeePSim, but this
was more reliably seen for PIT neurons.

After optimization, the results shifted. For experiments in
which at least one thread succeeded, texture images evoked higher

activations for V1 and V4 neurons (¢, =4.651, P=1.2x 107 for V1 and
t;s=5.985, P=7.3x107 for V4); whereas PIT neurons showed similar
activationlevels (¢gs = —1.41, P= 0.16 (NS)); in monkey A, BigGAN slightly
exceeded DeePSim (¢,,=-2.32, P=0.025) and inmonkey B, activations
were comparable t;;=0.70, P=0.49; Fig. 4b). Restricting analyses to
experiments in which both threads succeeded (n=87), V4 neurons
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still favored textures (DeePSim, mean + s.e.m., 0.898 + 0.028; BigGAN,
0.784 +0.020, t,,=3.707, P=1.2 x 107%); while PIT activations remained
comparable (DeePSim, 0.821 + 0.018; BigGAN, 0.820 + 0.021, t,, = 0.06,
P=0.95).Hence, asinsuccess rate analyses, PIT closed the optimization
gap between textures and objects.

Insilico evolutions revealed a contrasting trend: all layers favored
texture-based optimizations, highlighting agap between artificial and
biological representations (Extended Data Fig. 2). Nevertheless, asin
visual cortex, we found that this activation gap shrank with network
depth;inResNet50-robust, unitsin the final object classification layer
(fc) and the penultimate layer (block4B2) showed smaller gaps between
the DeePSim-BigGAN activations than earlier layers (two-sample t-test,
DeePSim-BigGAN gap inblocks1,2,3,4 > gapinfc, tys>16,P<5x107,
for all earlier blocks).

Insummary, neuronal optimization outcomes varied by areaand
image space. V1and V4 neurons favored texture-based parametriza-
tions, whereas PIT neurons aligned comparably with both texture and
object manifolds. This dual alignment in PIT created a sharp contrast
with CNNs (even at classification layers), highlighting a discrepancy
between the visual stream and current computational models.

Alignment as the speed of hill climbing

We next examined the optimization trajectory of neurons, or how neu-
ronal activation changed across the evolution process. The geometry
of aneuron’s tuning landscape may vary across manifolds (Fig. 1c),
affecting optimization dynamics. We reasoned that if a manifold effi-
ciently expressed the features favored by aneuron (if the space aligned
better withit), thenthe evolution should converge faster in that space.
We computed average optimization trajectories per area (Fig. 4c). For
Vland V4 neurons, although object-space activations started higher,
texture space activations quickly surpassed them. By contrast, for PIT
neurons, object space remained higher throughout and reached similar
final activation as texture space.

We quantified the winrate of each space during evolution, defined
as the fraction of sessions for which responses to BigGAN exceeded
those to DeePSim images (Student’s t-test), or vice versa, for a given
generation. For V1 and V4, BigGAN initially won about 40% sessions;
but only after two or three blocks, its win rate dropped to near zero,
while ~-60% of DeePSim threads climbed higher. For PIT, more than 40%
of experiments maintained higher BigGAN activations throughout.
Parallel analyses of CNN units showed similar trends: deeper CNN layers
required more iterations for DeePSim activations to surpass BigGAN'’s
(Extended DataFig. 2).

Inprior work using only the texture generator, higher visual areas
tooklonger to optimize'", consistent withsharper, higher-dimensional
tuning. Here, we quantified convergence time for both generators by
measuring the number of generations required to reach 80% of the
maximum activation increase (Fig. 4d). In DeePSim space, conver-
gence time increased along the hierarchy (PIT >V4,22.1+1.0 (n=67)
vs14.3 +1.4(n=37), t;0,=—4.67,P=9.3x107% PIT > V1,10.1+ 3.1(n=10),
t;s=-4.40,P=3.6 x107).In BigGAN space, no such trend was observed
from V4 to IT. When both threads succeeded, PIT neurons converged
fasterin BigGAN space thanin DeePSim (DeePSim > BigGAN, 22.3 + 1.1
vs17.7 +1.1(n=52), t;;=3.36, P=1.5 x107%). Alternative convergence
measuresyielded similar results (Extended Data Table 2).

Overall, these results suggest stronger alignment of PIT neuronal
tuningto the object manifold than V1or V4, while the continued effec-
tiveness of the texture manifold indicates that BigGAN is not uniquely
preferred by higher visual neurons.

Object space aligned best to late responses in PIT

We have shown that along the ventral stream, neurons show increasing
alignment with the object-based BigGAN space, reaching compara-
ble alignment in PIT neurons, while CNN units continued to prefer
texture-based DeePSim space. To explain this difference, we examined

afeature that biological neurons possess but most vision models lack:
dynamics. Visual neurons show time-varying responses to staticimages,
reflecting shiftsinencoded features®** from broader to sharper tun-
ing, from local to holistic or coarse to fine-grained information. We
analyzed these dynamics using PSTHs from each evolution. By design,
the optimization objective was to increase firing rate in the 50-200
ms window, but it was up to the neurons whether this increase arose
fromearly-transient, late-sustained or off responses (or all together).
We analyzed the meanresponse afterimage onset (the PSTH, response
as a function of time in milliseconds) and also the time-binned mean
response over theimage optimization process (response in short-time
windows, as a function of block/generation during the evolution).

Average PSTHs differed across both spaces before and after opti-
mization (Fig. 5a). We quantified activation increases within different
time bins after image onset. For all successful evolutions (P < 0.05,
two-sample t-test), we expressed the firing rate change in each 10 ms
time bin as a fraction of the total (0-200 ms). In PIT, BigGAN-driven
activation increases were greater at later times ((100, 110) ms, DeeP-
Sim > BigGAN, two-sample ¢-test, same below, ¢;, = —2.129, P=0.035)
and (120, 130) ms (50 =-2.967, P=0.0036) and smaller at earlier
times ((50, 60) ms (t;50=2.144, P=0.034) and (60, 70) ms (t;5, = 2.574,
P=0.011) (Extended DataFig.4b). Thus, successful BigGAN evolutions
preferentially recruited later PIT responses.

We next examined how PSTH dynamics interacted with optimiza-
tion over time. We computed firing ratesin10 ms bins and tracked them
across session blocks as a time-split optimization trajectory (Fig. 5b).
For V4, responses to DeePSim images exceeded those to BigGAN images
from 50 msto 110 ms (Fig. 5c, upper) and were comparable later. How-
ever, for PIT, DeePSim dominated early ((50, 90) ms), but BigGAN sur-
passed it from 110 ms onward (Fig. 5¢; full plots, Extended Data Fig. 4c).

In summary, although time-averaged activity after optimiza-
tion was comparable across spaces for PIT neurons, their dynamics
diverged: object images evoked and recruited stronger late-stage
activity, whereas V4 responses showed no temporal difference.

Charting tuning landscapes in the BigGAN latent space

To examine the shape of tuning functions in object space, we con-
ducted new experiments using the original two monkeys (A, B) and
anadditional two (C, D). In earlier work, we mapped neuronal responses
over two-dimensional surfaces within the DeePSim texture space and
termed these functions tuning landscapes'®. When neuronal activity
was drivento high levels by optimized images, neurons showed smooth,
bell-shaped tuning around those peaks, contrasting with reports of
ramp-shaped tuning in face neurons**¢, We speculated that on the
tuning landscape defined over a large image manifold, such as that of
BigGAN, one could trace multiple one-dimensional tuning shapes. To
establish the geometry of neuronal tuning in BigGAN, we performed
Hessian tuning experiments: after completing optimizationin object
space, we started from the endpoint in that latent space trajectory
and explored along 10-20 orthogonal axes adaptively chosen in that
space, measuring firing rate changes along each one-dimensional axis
(Fig. 6a). Mathematically, this quantifies:

r(a) = flGz* + avy))

where G is the BigGAN generator, z*is the final latent vector, v; is an
orthogonal basis vector and «a is the step size. Step size was tuned by
line search so thatimage changes (per LPIPS®) were comparable across
axes (Fig. 6b). This approach revealed local tuning geometry and, in
particular, the first-order or second-order differentials. Returning to
the hill-climbing analogy: when neurons reached a local maximum,
movement along a linear axis typically yielded a bell-shaped curve
(Fig. 6¢,d). However, if optimization ended far from a peak, curves
appeared ramp-shaped (Fig. 6d). We conducted 55 Hessian tuning
experiments in total (using the BigGAN latent space), excluding early
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Fig. 5| Object space preferentially activated late responses in PIT neurons.
a, Population-averaged PSTHs from V1, V4 and PIT before (top) and after
(bottom) optimization. Thick lines indicate means across threads; shading,
s.e.m.Sample sizes (sessions in which at least one thread succeeded, P < 0.05)

were: V1,n=10;V4,n=37;andIT, n = 86.b, Schematic of the time-binned analysis.

Evoked firing rates were computed in fine (10 ms) windows and tracked across
generations to obtain temporal evolution trajectories. ¢, Evolution trajectories

of V4 and PIT neurons for representative 10 ms time bins (mean +s.e.m.). In PIT,
texture-based evolutions (blue) dominated early responses, whereas object-
based evolutions (red) prevailed in later windows. Filled circles denote blocks
with significant differences after false discovery rate (FDR) correction

(paired t-test, two-sided). Sample sizes (sessions in which both threads
succeeded, P<0.05)wereV4,n=24;1T,n=61.
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Fig. 6| Geometry of tuning landscapes in BigGAN latent space. a, Hessian
tuning design. After evolution, tuning was sampled along orthogonal axes in
the BigGAN latent space originating from the final mean vector (red star). Firing
rates were measured for images generated at incremental latent space steps.

b, Signed image distances (LPIPS) along two example axes (class and noise)
illustrate systematic changes inimage content with controlled distance values.
¢, Example PIT site (#5, monkey B, multi-unit (MU)) showing bell-shaped tuning
along asampled axis. Responses (mean + s.e.m.) plotted against signed image
distance were fit with Gaussian (black) and linear (green) tuning functions. Red
curve shows the Gaussian-process regression (GPR). d, Neuronal responses along
different eigen-axesin class space; for example, driver sites, showing structured
tuning across eigenvector dimensions (one eigen-axis per row, same signed
image distance per column). Left: following successful BigGAN evolution

(#68, monkey C); right: following unsuccessful ones (#57, monkey A).

e, Distribution of tuning curve peak locations. Tuning curves following

response

Ramp or flat tuning curves
following
unsuccessful evolution

Image space axes
(BigGAN)
successful evolutions have peaks at (or close to) the center of the sampled axes,
while those after unsuccessful evolutions have peaks distributed across the axes.
Barsindicate the fraction of tuning curves peaking at each location (summing

to 1), witherror bars showing Wilson binomial confidence intervals. Sample

sizes (number of significantly modulated tuning curves, P < 0.01): successful
group, n =342; unsuccessful group, n=103.f, Distribution of tuning curve types.
Fraction of significantly modulated tuning curves (per ANOVA) classified as
bell-shaped (blue) or ramp-shaped (orange) for neuronal sites, conditioned on
the preceding evolution experiment successfully having increased firing rate.
Eachbar represents the fraction of tuning curves, and error bars reflect beta-
distribution-based confidence intervals. Sample sizes (number of significantly
modulated tuning curves, P < 0.01): successful group n = 342; unsuccessful group
n=103.g, Conceptualillustration showing how sampling range withinimage
space influences apparent tuning shape.

pilots, and analyzed 1,088 tuning axes. A one-way ANOVA test revealed
that 445 of these axes were significantly modulated by image changes
(P < 0.01). The final activation reached during the BigGAN evolution
strongly influenced Hessian tuning outcomes. When evolutions
increased firing rates strongly, 51.8% (342 out of 660) of axes also
showed significant tuning (P < 0.01, ANOVA, mean F-ratio = 4.81).

By contrast, when firing rates were weaker, only 23.6% (103 out 0f 436)
of the axes showed tuning (mean F-ratio =2.18).

Peak locations. Peak positions depended on evolution success. In
evolutions with strong activity, peaks clustered near the axis center
(d=0), with amean peak distance of 0.178 + 0.007 (n = 342) (Fig. 6e).
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Inweaker cases, peaks were more dispersed, witha mean peak distance
0f0.253 + 0.011 (n = 103). A Wilcoxon signed-rank test showed this dif-
ference was significant (z=-5.26, P=1.4 x107, two-sided).

Tuning curve shapes. The shape of tuning curves also depended on
evolutionsuccess. Whenevolutions reached high levels, among signifi-
cantly modulated axes, 52% (178 out of 342) were bell-shaped, while 12%
(41out of 342) were ramp-shaped (monotonic). By contrast, whenthe
evolutions did not reach highlevels, only 25% (26 out 0of 103) of tuning
curves were bell-shaped, while 36% (37 out 0f 103) were ramp-shaped.
Two-proportion z-tests confirmed differences between the success-
ful and unsuccessful cases for bell-shaped (z=4.79, P=8.5x107)
and ramp-shaped curves (z=-5.60, P=1.1x107%; Fig. 6f). These find-
ings indicate that ventral stream neurons can exhibit bell-shaped or
ramp-shaped tuning, depending on where stimulus images reside
relative to the neurons’ activity peaks (Fig. 6g).

Discussion

Summary of results

Using advances in deep generative models and evolutionary algo-
rithms, we showed that neurons in the primate ventral stream can
successfully guide image optimizations (evolutions) intwo generative
image spaces: a texture-based space (DeePSim) and an object-based
space (BigGAN). Even when parallel evolution achieved comparable
neuronal activations, they produced globally distinct images with
shared local motifs. The two spaces differed in several optimization
aspects, complementing prior single-generator studies'®". Ascending
the ventral hierarchy, the texture-based generator showed declining
success rates and slower convergence, whereas the object-centric,
photorealistic generator exhibited higher success rates and relatively
fast convergence. In other words, optimization became more difficult
in the texture space but easier in the object space, converging to a
comparable level.

Broader theoretical implications

We propose the notion of alignment between neuronal tuning and
generator mapping (detailed mathematical treatments of the con-
cepts Alignment and Manifold appear in Extended Data Figs. 5and 6).
When neurons are smoothly tuned to the latent variables parametrizing
images, the optimization becomes easier owing to smoother land-
scapes, empirically measured here. This supports the hypothesis that
the higher visual cortex becomesincreasingly able to invert mappings
from latent variables related to objects while retaining the capacity
to invert sub-semantic, texture-like variables. Such flexibility should
makeiteasier for neuronsindownstream circuits to encode the visual
environment. This idea parallels prior findings in the face-processing
system, whereby neuronal codes invert generative models of faces”’;
here, we extend that principle to broader image spaces. Our study
also extends the concept of alignment past representational similar-
ity between deep networks and neural codes**™. Furthermore, we
demonstrate amore causal sense of alignment: the ability of the neural
code to steer latent variables of generative models.

Connections to emerging questions in neuroscience

These dual optimizations raise broader questions about visual coding.
Giventhat neurons could lead to optimized images with different visual
priors, two explanations emerge: superposition, whereby units encode
seemingly unrelated concepts®; or selectivity for simpler local features
embedded in global configurations, as suggested by prior work™*¢. Our
results favor thelatter, highlighting alocal compositional code that flex-
ibly recombines tokens across scenes. Still, alignment dynamics may
reflect shifts in representational codes within broader networks; for
example, supporting encoding of objectidentity alongside orthogonal
information such as position, size or texture®. The observed ventral
transition suggests that local signals are progressively refined into

representations that can support object recognition but also textures,
landscapes and navigational landmarks.

Thefinding that tuning curves can appear bell-shaped, ramp-like
or even multi-peaked depending on optimization reinforces that
neurons are not confined to single axes of selectivity, but operate in
complex, high-dimensional tuning landscapes”. Such landscapes
provide a geometric framework for understanding coding efficiency
(as peak locations), invariance (as level sets**) and object recognition
(asensembles of peaks). This view helps explain why occipito-temporal
neurons often respond to diverse, semantically unrelated images™:
object selectivity arises from flexible recombination of local features
rather than global templates. Within the broader tuning landscape,
the untangling of object manifolds® should therefore be viewed as
oneexample of ageneral family of parallel operations that the system
must perform for many feature domains, including space, textures,
landmarks and more.

Role of model complexity

BigGAN s architecturally more complex than DeePSim, raising an alter-
native explanation that results could stem from differences in steer-
ability. This would predict uniformly stronger responses to DeePSim
across areas, which we did not observe. Instead, we found a gradual
shift favoring BigGAN along the ventral hierarchy, despite identical
optimizer settings, indicating that the difference reflects neuronal
tuning rather thanalgorithmicbias. Still, this architectural disparity is
important. Alimitation of this workis that DeePSim and BigGAN differ
inarchitecture, training objective and feature representation, and we
did notisolate which aspects mostinfluence neural alignment. Future
studies should dissect these factors systematically; for example, by
varying network layers or training objectives one at atime, to identify
the components most relevant to cortical responses.

Relationship to previous work on texture versus object tuning

Our results also connect to studies examining the balance between
texture-like and object-like representations in the visual cortex. We
used the terms ‘texture’ and ‘object’ as accessible descriptors of the
generators’image priors (rather than as fixed categorical distinctions,
as the ‘texture’ generator can be guided to produce more structured
objects). Yet under the guidance of neuronal tuning, DeePSim tended
to yield more texture-like stimuli, whereas BigGAN produced more
object-like images. This links naturally to functional magnetic reso-
nance imaging work showing that neurons in object-selective cortex
can represent mid-level visual features® and texture statistics as well
asobjects®*®°, and our results would further support the view that the
role of visual cortex is not to “explicitly encode objects but rather to
provide abasis set of texture-like features” that canbe used for multiple
visual tasks*. We extend this conclusion by showing that this basis
setincludes spatially localized features, not only extended textures.

Implications for computational modeling

No CNNaligned to BigGAN’s object space as closely as PIT did, indicat-
ing that current networks do not yet capture the full flexibility of the
primate ventral stream. Such CNN-neural gaps create opportunities
tostrengthen benchmarking. Existing metrics such as Brain-Score***!
assess alignment at the level of global representational similarity and
should be complemented by more causal and local tests that break
superficial correspondences. Physiologists might benefit from the
development of deep models that flexibly align with both texture-like
and object-like spaces comparably well, as the brain does.

Implications for future neurophysiology

Each visual neuron might align best with a different image manifold,
having its own energy landscape in image space. It is crucial to test
whether more anterior regions in the ventral stream align even more
closely with object-based BigGAN parametrizations.
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Principled criteria for selecting generative models in
neuroscience

Future studies should extend this approach to diffusion models, which
now dominate visual generative modeling. Diffusion models differ
fundamentally from GANs, offering both opportunities and challenges
for closed-loop neuroscience®. Inaddition to image quality, we should
also consider additional desiderata such as the dimensionality of their
latent or conditioning spaces, the match between their priors and
known neuronal tuning and the smoothness of their latent-to-image
mapping, which determines optimization navigability. Finally, this
work underscores the importance of using multiple generators in
closed-loop experiments. Using multiple generators guards against
over-interpreting human-centric priors or architecture-specific arti-
facts®. This generative neuroscience approach offers new ways to
probe neural representations while constraining the development of
more biologically grounded models.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author contri-
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Methods

General setup

Experiments were controlled with MonkeyLogic2 (ref. 64) on ViewPixx
EEG displays (120 Hz, 1920 x 1080 resolution). Viewing distance was
58 cm. Eye position was tracked with ISCAN. Animals fixated on a 0.25°
target withinal-2°window and received fluid rewards through a Crist
DARIS module.

Research animals

Two male rhesus macaques (A and B; 10-11 kg) were implanted with
floating microelectrode arrays (Microprobes) inthe right hemisphere
V1-V2 border, V4 (prelunate gyrus) and PIT (anterior to the inferior
occipitalsulcus). Intraoperatively, array locations were based on sulcal
landmarks, fine-tuned by local vasculature. For Hessian tuning experi-
ments, the same procedures were repeated in two additional males
(CandD;14-15kg). Arrays had between 16 and 32 working electrodes.
Allprocedures were approved by the Institutional Animal Care and Use
Committees at Harvard Medical School and Washington University and
conformed to the Guide for the Care and Use of Laboratory Animals.

Recording and preprocessing

Signals were acquired with Plexon OmniPlex. Sorting was performed
online at session start to enable closed-loop operation. Signals within
each channel were labeled 1-5, indicating confidence that activity
reflected asingle unit (1) versus multi-unit/hash (5), based on waveform
shape, inter-spike interval and separation from the main hash signal.
We use ‘unit’ or ‘site’ to refer to any sorted source. Most recordings
used visually driven multi-units/hash and some used single units. After
data collection, all spike/event times were discretized into 1 ms bins
and convolved with asymmetric Gaussian probability density function
witha2 msstandard deviation. Sites were studied if visually responsive.
For monkeys A and B, werecorded from 87 unique electrode locations;
most of these sites (51) were sampled once, while the rest were sampled
multiple times: 21 sites were sampled twice, six sites were sampled three
times, four sites were sampled six times, two sites were sampled five
times and one site was sampled nine times. There were an additional 160
unique sites from monkeys C and D, from which only a subset of chan-
nels were used. These sites show some correlation over time, although
they cannotbe designated rigorously asidentical or fullyindependent
neurons or neuronal populations. We generally used the Student’s t-test
to performtwo-sample tests of statistical significance (which assumes
normality). Reported P values were calculated using two-sided tests,
unless otherwise stated. Biological replicates were defined as individual
neuronal recordingsitesinindependent experimental sessions. Techni-
calreplicates (multiple trials within ablock and repeated measurements
across optimizationblocks for the same neuron) were averaged or used
for trajectory fitting and were not treated as independent samples.
Each generator thread provided one measurement per neuron.

Generative models
Two image generators were used.

The DeePSim fc6 model™ was used with a custom MATLAB imple-
mentation translated from the original Caffe model and weights.
This model comprises linear and up-convolution layers®, with a
4,096-dimensional latent space, within which around 500 dimensions
are enough to capture the generated image variations®, with the rest
effectively acting as anull space.

For BigGAN, we used the BigGAN-deep-256 version,implemented
in the PyTorch-pretrained-BigGAN library. This model has a complex
network structure, including self-attention® and modulated batch
normalization®. Itis a class-conditional GAN, using a128-dimensional
class conditioning vector, ¢ € C and a 128-dimensional noise vector,
z € Z.Eachof1,000 object classes in ImageNet is represented by a dif-
ferent class vector c, while the variations within each class are con-
trolled by the noise vector z, sampled from a spherical truncated

Gaussian distribution. Thus, sampling closely related points (‘trave-
ling’) in the class embedding space C interpolates between object
categories, while traveling in the noise space Z will change nuisance
variables like aspect ratio, orientation or viewing angle**,

To quantify the nature of the priors within each generative space,
we characterized the properties of theimages produced by the genera-
tors. The FID? indicated that BigGAN images were more ImageNet-like
than DeePSim images. BigGAN sampled with class embeddings
(50images x 1,000 classes) yielded FID = 10; BigGAN with Gaussian ran-
dom class vectors yielded FID = 44; DeePSim yielded FID = 197. White
and pink noise were much larger (= 416 and = 380). Additional com-
parisons to COCO and THINGS showed intermediate FIDs (FID = 43.6
and 21.8). Low-levelimage features (luminance, contrast, color, sharp-
ness, symmetry, entropy, edge density, frequency power) also differed
between generators. Computational details and code libraries are pro-
videdinthe Extended Methods section of Supplementary Information.

ImageNet photographs were also used as stimuliin multiple exper-
iments, and some were instrumental in the results for Fig. 1a (n =15
images) and Extended Data Fig.1(n = 5). Given copyright restrictions,
theseimages werereplaced withillustrative syntheticimages, and the
originals may be requested from the corresponding author.

Image statistics

We computed FID with the pytorch-gan-metrics library. For genera-
tor comparisons, we used 50,000 images per condition: ImageNet
validation photographs; DeePSim samples from anisotropic Gaussian;
BigGAN class-conditioned samples (50 per class); and BigGAN with ran-
domized class vectors. Additional datasets (COCO, THINGS) provided
benchmarks. Low-level image statistics were computed in MATLAB for
luminance, contrast, sharpness, color,symmetry, entropy, edge density
and frequency power. Full formulas, functions and parameter values
are listed in Supplementary Information.

Closed-loop optimization (evolutions)

Each paired evolution session targeted a single visually responsive
site (‘driver’). After receptive field mapping to place stimuli, two par-
allel threads were run in alternating image blocks: one in DeePSim
space and one in BigGAN space. Each generator started from 30 seed
images with small-normlatent codes. Ten static reference images were
interleaved across blocks for stability checks. During a few pilot stud-
ies, single-thread evolutions were also used. Images were presented
once each in rapid serial visual presentation (on for 100 ms; off for
150 ms) while the animals maintained fixation. The scalar fitness for
each image was the driver’s mean firing rate from 50-200 ms after
onset. Fitness values and latent codes were returned to the optimizer,
which proposed a new set of latent codes for the next block. Sessions
ran 10-60 blocks and stopped when responses plateaued. The same
closed-loop protocol was used in silico with CNN units for parameter
tuning and control analyses.

Optimizers and parameterization

We used CMA-ES for bothgenerators. To adapt to BigGAN geometry, we
tuned the sampling step on CNN units, then fixed it for in vivo experi-
ments. Arobustinitial o for BigGAN was 0.06-0.12; for DeePSim, it was
3.0.For DeePSim, we also used a HessianCMA*® variant restricted to the
top ~500 eigen-dimensions, which improves sample efficiency with-
out changing outcomes relative to the full 4,096-dimensional space.
All other CMA-ES parameters were identical across generators. This
matched optimizer ensured that any differences reflect neural align-
mentrather thansearch hyperparameters. Full settings and ablations
are provided in Supplementary Information.

Quantifying evolution convergence speed
We averaged optimization trajectories across sessions after aligning
theirlength. Trajectories were extrapolated to match the length of the
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longest session by padding each trajectory with the mean of its last
two blocks, and responses within each session were normalized by the
maximum block-meanactivation of that driver across both threads. We
then pooledsessions and fitacurvetoactivation versus block number
with Gaussian-process regression. Convergence time was defined as
the first block at which the smoothed trajectory reached 80% of its
session-wise maximum. Alternative normalizations and thresholds
gave the same qualitative pattern.

Analysis of dynamic neuronal responses
We used two complementary analyses to relate temporal firing patterns
to the image optimization process.

Temporal attribution of activation changes. For each site, we com-
puted block-wise mean PSTHs over the 0-200 ms post-stimulus win-
dow. The block with the highest mean firing rate between 50-200 ms
was defined as the maximum block:

R 200
B =argmax 3 PSTHu(t)
B S0

where PSTHg(¢) represents the firing rate at time ¢ for block B.
We then calculated a normalized difference PSTH between this
block and the first block to quantify activation change:

PSTH(¢) — PSTHg (2)

3220 (PSTH4(t)) — PSTH, ()

APSTH(t) =

PSTHswere binned into non-overlapping time windows (5-50 ms)
toreduce noise, and results were consistent across bin widths of 5,10,
20,25 and 50 ms. The resulting attribution vectors indicated how dif-
ferent temporal windows contributed to the overall activity increase
during optimization.

At the population level, we pooled successful evolution threads
(non-paired) for all driver units within each cortical area, including only
those for which the maximum firing rate in two consecutive generations
exceeded that of the first two generations (P < 0.01). For each area,
we compared attribution vectors from DeePSim and BigGAN using
two-sample t-tests. To confirm robustness, we repeated the analysis
with paired t-tests restricted to sessions for which both evolution
threads succeeded. Results were consistent across tests and bin widths,
confirming temporal differences in activation dynamics between the
two models.

Time-window-specific evolutionary trajectory. We also examined
firing trajectories across contiguous sub-windows of the 0-200 ms
period. For each generator G, block » and time bin ¢, we normalized
the response by the session’s maximum block-averaged firing rate
across both threads:

PSTH¢ (6
PSTH (0

PSTHq ,(6) =
G,b,t€(50,200)

where PSTH (¢) is the firing rate for generator G, block b, at time ¢.
Neurons were grouped by cortical area (V1, V4, PIT), and mean trajec-
tories (+s.e.m.) were compared between DeePSim and BigGAN using
paired t-tests at each block with false discovery rate correction. The
analysis was repeated across bin widths and inclusion criteria (for
example, ‘all successful’ vs ‘both successful’ sessions) to verify that
results were stable across parameters.

Similarity of PSTHs

To quantify the distance between paired evolution PSTHs, we used two
measures: one integrated the absolute areabetween the difference of
the two curves, and the other computed the difference between the

average level of the PSTH curve, equivalently integrating the signed
areabetween the PSTH curves.

dpsin = f [Fpeepsim (£) — Friggan (©) |dt
t

dace = / (Peepsim (£) — Frigcan () dt
t

Forboth measures, we first normalized the PSTHs; that is, divided
them by the max block-average firing rate for that neuron.

Tuning landscapes
Latent axes discovery (Hessian decomposition). We examined local
tuning geometry in BigGAN’s latent space using monkeys A-D. After
completing the paired evolution experiments, we averaged the opti-
mized latent vectors of the BigGAN evolution fromthe final generation
(2) and computed orthogonal axes v; within the class and noise sub-
spaces by Hessian decomposition.

Givenanimage similarity metric D : § x J—R (for example, LPIPS
or pixel mean squared error), we computed a d x d real symmetric
matrix H,, using second-order differentiation:

_ 9*D(G(20),G (20 + 62))
B 06206z

6z=0

Thismatrix represents the local Riemannian metric ofimage space
pulled backtothelatent space, where v™ Hv quantifies theimage change
when moving along unit vector v.

BigGAN'’s 256-dimensional latent space includes separate
128-dimensional class and noise subspaces. We restricted the H matrix
to these two subspaces, resulting in sub-matrices Hj,s and H,gjse, rep-
resenting image changes induced by moving within these subspaces:

Heass = H[O : 128,0 : 128], Hypise = H[128 : 256,128 : 256]

We performed eigen decomposition of these sub-matrices:

Velass Actass = €18 (Hetass) s Vioises Anoise = €18(Hnoise)

The eigenvectors {Uclass,i}7{unoise,i} and eigenvalues {/lclass,i}’{/lnoise,i}
provide principal directions and magnitudes of latent space traversal,
whereby large eigenvalue directions maximize local image changes.
Top eigenvectors in class and noise spaces generally correspond to
interpretable image transformations®, while lower eigenvectors gener-
allyinduce less semantically meaningful changes. Comparing the two
subspaces, class traversal often changes object category, whereas noise
traversal affects nuisance variables such as pose or size.

Line search algorithm. To sample latent vectors and images along
axes v;, we developed aone-dimensional line search algorithm. Owing
to GAN latent space geometry, equal Euclidean or angular distancesin
latent space do not correspond to equal changes in image space. To
ensure consistent image changes across axes, we applied a binary
search algorithm to find latent traversal a achieving a target image
change diyger:

& (+diarger) = ArgMIN[D(G(2), G (2 + av)) ~ drarger|
a(_dtarget) = arg T<I(I;1 |D(G (2) ’ G(Z_' + av,»)) - dtarget| .

This process generated image sequences passing through the
center vector z, with nine distances: [0.40,0.32,0.24,0.16,0,
—-0.16,-0.24,-0.36,-0.40]. Distances +0.08 were excluded because of
subtle image changes.
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Stimuli selection and presentation. We selected ten eigenvectors
fromboth class and noise spaces and used theline search algorithm to
generateimages corresponding to the nine distances along each axis.
Images at the center location (d = 0) were generated using G(2), the
mean latent vector from the last generation. Across 37 sessions with
over 50 repetitions of the center image, only three channels showed a
significant trend infiring rate as afunction of repetition, all with slightly
positive slopes. Thus, repetition suppression effects were minimal.
Images were presented five to seven times per session, and mean firing
rates were analyzed within a 50-200 ms post-image onset window.

Statistical analysis. Neuronal responses were recorded for each axis
v; at signed distances d, resulting in a response dataset {r; (d)}. We
performed one-way ANOVA to evaluate response modulation across
distances. The peak location d,,,, was determined as:

dmax = arg max,(d)

where 7(d)is the trial-averaged response.

Tuning curves were classified by their shapes usinglinear regres-
sion, one-dimensional Gaussian curve fitting and Gaussian-process
regression. Unimodal curves with maxima not at d = +0.4 were cate-
gorized as bell-shaped, while monotonic curves were classified as
ramp-shaped. Fractions of significant bell-shaped and ramp-shaped
curves were computed.

Similarity of images and spatial attribution masks

Spatial attribution masks. To identify spatial regions in synthetic
images most responsible for driving neural responses, we applied a
spatial attribution analysis using a CNN (AlexNet). For each experimen-
tal session, we created an image dataset with all the evolution images
sampled during the optimization process to drive specific neural sites
and reference images interleaved throughout the experiment. These
were processed through AlexNet to extract features from the last
convolutional layer (convS), which resulted in a four-dimensional
feature tensor F of shape (N, C, H, W) (image number, channel number,
height of feature map, width of feature map). We treated the feature
vectors [, :,i,j]at each spatial location [i,j] as representations of the
corresponding local image patches. Consequently, the predictive
power of these features ateach location served as a proxy for the spatial
dependenciesinneuronal activity. For each spatial location [i,j]in the
feature map, wefitaseparate linear regression model (using fitlm.m),
predicting the neural responses based on the extracted features across
channels F[:, :,i,j]. The goodness-of-fit (adjusted R?) for each spatial
location wasrecorded, yielding amap of the model’s predictive power
foreachimage. Higher R?valuesin specific regions of the feature maps
indicated the locations most strongly associated with neural activity.

To quantify the visual feature similarity of spatial attribution maps
across experiments for the same versus different drivers, we analyzed
thelinear weights from the spatial regression models. For each experi-
mental thread, we used the weight maps (W] :, :, i,j)) derived from linear
fits to features extracted from the last convolutional layer (conv5) of
AlexNet. To focus on the most relevant weights, we thresholded the
corresponding goodness-of-fit (adjusted R?) maps at the 80th percen-
tile and identified the largest connected region in the post-threshold
map using regionprops.m. The linear weights within this region were
averagedtogenerate arepresentative weight vector for each evolution.
Then, we computed pairwise-Pearson correlations of weight vectors
between threads within the same driving channel (‘same driver’) and
between threads associated with randomly selected non-driving chan-
nels (‘random driver’). These pairwise correlations served asameasure
ofimage similarity in the spatial attribution maps.

We also measured the smoothness of each spatial attribution map
using total variation. Total variation quantifies the smoothness of
amatrix by measuring the magnitude of gradients across its surface.
For each spatial attribution map, total variation was computed as the

sum of the Euclidean norms of the gradient vectors at each matrix
point. Smaller total variations indicate a smoother map with fewer
abrupt changes. Higher total variation values indicate a noisier map
with more frequent localized variations.

Image similarity was also computed in different feature spaces,
such as ResNet50 (robust), and using the LPIPS metric®. The LPIPS
metric was instantiated with the AlexNet backbone.

Other analyses of local image similarity. LPIPS returns a spatial map
of perceptual distances that is the same size as the image inputs. This
metric was first tested using CNN-unit-driven evolutions; specifically,
AlexNet convolutional layer 5 (n = 91 randomly sampled units). For
each paired evolution experiment (given one CNN unit), we sampled
15images from the final generation of DeePSim images and 15 images
fromthe final generation of BigGAN images, and then compared each
of the DeePSim images to the other 15 BigGAN images (we also used
BigGAN as references with the same results). The core of our analysis
involved calculating the perceptual similarity between each image pair.
After we obtained the LPIPS distance map, we converted itinto a simi-
larity heatmap by subtracting it from 1 (similarity =1 - LPIPS). A key
partof our analysis involved quantifying the concentration of percep-
tual similarity within the heatmaps. To do so, we calculated aconcentra-
tion score froma given heatmap. The concentration score served as a
quantitative measure of the degree to which perceptual similarity was
localized within specific regions of the heatmap. The concentration
index function defines a range of filter sizes to be applied to the heat-
map, starting from aminimumsize (set to1for individual pixel consid-
eration), with multiple ranges, allowing the function to assess
concentration at various spatial scales. For each filter size within the
specified range, the function created a uniform filter (amatrix of ones)
ofthatsize. Thisfilter was then normalized to ensure that its total sum
was1, maintaining the scale of the original heatmap values. The normal-
ized filter was convolved with the heatmap, effectively averaging the
heatmap values over areas corresponding to the filter size. This con-
volution process was repeated for each filter size in the range. After
each convolution, the maximum value from the convolution result was
extracted and stored. These maximum values represented the highest
concentration of perceptual similarity for each filter size, indicating
the presence of localized high-similarity regions within the heatmap.
The concentration score was computed as the mean of these maximum
values. This score provided asingle, comprehensive metricindicating
the extent of localized perceptual similarity in the heatmap. A higher
concentration score suggested more pronounced localization of simi-
larity, while alower score indicated more diffuse similarity across the
image. Next, for each reference DeePSim image for a given unit u;, we
randomly sampled another experiment and compared the unit
u;-generated DeePSim image to 15 of the random unit u;-generated
BigGAN images. We then compared the average similarity between the
same driver image pairs (u;-generated DeePSim image vs u;-generated
BigGAN image) to the average similarity between the different-driver
image pairs (u;-generated DeePSim image vs u ;-generated BigGAN
image) and tested for statistical significance using a Wilcoxon
signed-rank test.

Feature attribution of evolved images

To further emphasize image features that were important during
the evolution (evolution exemplars), we used a previously published
method’®. We used every pair of generated images and their associ-
ated neuronal response during a given evolution to build anencoding
model. We found all the model units that correlated with the given
neuronal firing rate. We factorized the correlation matrix and used it
asaninitialization for weights, which were then optimized as afactor-
ized read-out weight matrix, following previous work®®, We then used
gradient-based optimization to find the maximum firing rate stimulus
for the model unit; the optimized image was called a feature exemplar.
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Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Processed datafor the analysis and reproduction of the figures can be
downloaded at https://osf.io/pre96. The complete raw dataset used in
thisstudyisavailable uponrequest to C.R.P.Source dataare provided
with this paper.

Code availability
The code used to analyze data in this paper is available on GitHub at
https://github.com/Animadversio/Dynamic-Neuron-GAN-Alignment.
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Extended Data Fig. 1| See next page for caption.
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Extended DataFig. 1| Exploring the image statistics and representational
flexibility of the generators. A. Left: Representative syntheticimages
generated from DeePSim and BigGAN, illustrating visual characteristics
produced by each generator. Right: Fréchet Inception Distance (FID) comparing
each generator’s image distribution to natural image datasets. BigGAN more
closely matched natural image statistics than DeePSim. For reference, the

FID between ImageNet and other natural image datasets (EcoSet, THINGS-
object, MS-COCO) is also shown. Each FID value reflects the empirical distance
computed from a fixed sample of generated images (n =50,000/ condition]
synthetic images per generator) and an equal number of natural comparison
images. Bottom: Objectness quantification using the YOLOv8 object-detection
model. “Object detect rate” shows the fraction of samplesin which at least
oneobject was detected, and “detection confidence” reports the maximum
confidence score perimage. Sample sizes were the same as for the FID analysis.
BigGAN and ImageNet showed highly similar objectness distributions, whereas
DeePSim exhibited markedly reduced object detectability. Violin plots show the
full distribution of values. Box plots inside violins indicate the median (center
line), the 25th and 75th percentiles (lower and upper box edges), and whiskers
extending to 1.5x the interquartile range or to the most extreme datapoint
within that range. Outliers beyond the whiskers are shown as individual

points. B. Low-level statistics of images optimized in DeePSim and BigGAN
spaces, optimizing the same hidden units in AlexNet. Specifically, images were
optimized for units in AlexNet conv5 (with receptive fields placed at the center,
N=91units); a preferred image for each unit was concurrently optimized using
the DeePSim- and the BigGAN generators. Analyses are based on allimages
inthe last evolved generation (N = 3640 total). Each point represents asampled
image from the latent space of each generator. Values are mean + SEM.
C.Image Inversion Experiment. As the next test of representational flexibility,
we replaced activation maximization with a different objective and process:
animage inversion test. The goal was to determine how well DeePSim and
BigGAN could approximate randomly sampled photographs by optimizing
their latent codes. By comparing the similarity between the randomly sampled
images and their reconstructions from each GAN, we examined differences in
representational flexibility. For this experiment, we sampled 101 photographs
randomly from the EcoSet dataset across all categories. Synthetic images were
optimized using the Adam algorithm to minimize the mean squared error (MSE)
between the originalimage and the GAN reconstruction over 401 iterations.
Per visual examination, many images were well-matched by DeePSim, whereas

BigGAN often matched overall color but instead of objects or textured scenes, it
frequently placed a single central humanoid object in the image center (Fig.1).
We measured the similarity between original images and their GAN-generated
inversions using Pearson correlation (over pixel space). DeePSim achieved a
median similarity of 0.89 + 0.01(SE), while BigGAN achieved a median similarity
of 0.60+0.02. This difference was statistically significant (P <0.00001, Wilcoxon
signed-rank test, N=101, Fig. 1). Overall, these results suggest that, given a

fixed optimization process and reconstruction objective, DeePSim provides
substantially more accurate approximations compared to BigGAN, likely
reflecting differences in the flexibility of their respective latent spaces. (right)
The first row shows randomly sampled images from the EcoSet dataset. The
second and third rows show gradient-based reconstructions by DeePSim (blue)
and BigGAN (red). (left) Similarity to original images. Scatterplots show the
Pearson correlation between the original randomly sampled images and their
GAN-based reconstructions for DeePSim (blue) and BigGAN (red). D. Activation
maximization scores. To measure how generators compared in their ability to
represent different types of images, we performed a series of computational
experiments. First, we used gradient-based methods to optimize images for
hidden units. This allowed us to isolate the role of optimization type and assess
each generator’s inherent capacity for activation maximization. We used two
ResNet architectures, ResNet-50 and a ResNet-50 variant trained to withstand
adversarial attacks (ResNet-50-robust or ResNet-501inf826), conducting

97,730 experiments using units from multiple layers. In each experiment, we
optimized the latent vectors of each generator to maximize the activation of
agivenindividual unit. The analysis involved several optimization strategies
(for example, Adam variants, stochastic gradient descent variants), different
learning rates (for example, 0.001, 0.01, 0.1), and other settings such as Hessian-
based modifications (for example, AdamOO1Hess, SGDOO1Hess). We found

that DeePSim consistently led to higher activation scores compared to BigGAN,
regardless of model (vanilla or robust), layer, or optimization method. Across all
experiments, the median activation score achieved through DeePSim was 5.22
+0.04, while the median activation score achieved through BigGAN was 1.115 +
0.005. These values were statistically different per a Wilcoxon rank sum test
(P<0.00001, r=-0.533). Each violin plot shows the maximum activation scores
achieved by ResNet-50 (left) and ResNet-50linf8 (robust) hidden units after
gradient-based optimization of images, using BigGAN (red) and DeePSim (blue).
X-axis labels show the layer of the hidden units tested.
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Extended Data Fig. 2| Win Rate and Convergence Time Constant Analysis.
A. Final activation comparison post optimization in DeePSim and BigGAN
space, for unitsin ResNet50-robust. B. Win rate of BigGAN for ResNet50-robust
units. The thin black trace represents the averaged win rate for each unit across
10 repetitions. The red curve shows the average win rate curve for each layer,
averaged across all units. C. Evolution trajectory in DeePSim and BigGAN
Space for all CNN networks. Same format as B. Top to bottom: ResNet50-robust,
ResNet50, EfficientNet-B6, EfficientNet-B6 AdvProp, 50 units were sampled from
each major layers, and 10 repeated evolutions were conducted in both DeePSim

and BigGAN space. Consistently, driven by the same unit, DeePSim evolution
reached higher activation than BigGAN, with the gap closer for deeper unitsin
the network. Shaded area shows SEM across all runs, sometimes too small to be
seen. D. Image similarity of paired DeePSim and BigGAN prototypes fromin
silico evolutions. Similarity between prototypes was higher when their synthesis
was driven by the same driver than when driven by shuffled pairs. Drivers were
units from ResNet50. The error bar shows the 95% confidence interval of the
mean, across pairs. N=6400.
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Extended Data Fig. 3 | See next page for caption.
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Extended Data Fig. 3| Spatial attribution map analyses. A (i) We measured the
mean adjusted R? for each map and observed that it positively correlated with the
overall change in neural firing rates during the optimization experiment: the
stronger the change in activity, the more reliable the spatial attribution mask was
in capturing relevantimage features. Specifically, across these experiments, we
observed arange of changesin firing rate (events/s) from -12.1t0 183.1, with an
overall mean of 25.3+1.7 (mean, SEM). Similarly, attribution mask R? values
ranged from-0.08 to 0.74, with an overall mean of 0.20+0.01 (mean, SEM). Not
surprisingly, there was a strong correlation between evolution effect size and
mean attribution mask R? (Pearson correlation coefficient =0.672, P <1x10-4).
(ii) To measure whether evolution success affected the shape of the map, we used
total variation (TV). TV serves to quantify the smoothness of amatrix by pooling
the magnitude of gradients across the matrix surface (that is, the sum of the
Euclidean norms of the gradient vectors at each matrix point). High TV suggests a
noisier map. The median value for TV was 2.79 (inter quartile range: 2.16-3.61),
while for the adjusted R?, it was 0.21 (0.07-0.32). They showed a Pearson
correlation of -0.30 (P =3.4x10"°). These results suggest that spatial masks were
smoother as neural responses to optimized images became more robust. We also
quantified correlations in linear weights derived from individual fits to
evolutions for the same driving channel and compared them to correlations
derived from fits to evolutions across randomly selected channels (non-drivers).
We relied on the attribution mask, extracting and averaging weights from the
largest connected region of high-goodness values. These weights were then used
to compute correlations within the same driver condition and between randomly
selected non-driver channels. We found that correlations in coefficient fits for
the same driver were stronger than those in the random driver condition. The
median correlation for the same driver condition was 0.034 + 0.016 (SE) with
N=96 unique monkey channels (all animals), compared to 0.003 + 0.003 (SE)
with N=1920 for the random driver evolutions; these values were statistically
different per a Wilcoxon rank sum test (P=5.6 x10™*, Cliff’s delta of 0.208,
indicating a small to moderate effect). B. We used an image similarity metric
(LPIPS) to compare optimized images. Specifically, we used the LPIPS library to
create a similarity map between the images (similarity =1- LPIPS distance). We
saw that the similarity map was not homogeneous but acquired high values in
local regions. To determine if these local regions were likely to arise by chance
across unrelated images, we measured the similarity maps between BigGAN

- DeePSim image pairs optimized for the same unit (same-driver maps, top row)
and compared them against the heatmaps between BigGAN - DeePSim image
pairs optimized for different units (different-driver maps, bottom row). C. LPIPS
similarity map between optimized images for the same insilico units (AlexNet
conv5) vs. optimized images for different units, along with an index showing local
similarity concentration. This was based on a concentration index, ametric that
measured the local concentration of activity by convolving the map with local
Gaussian filters with diameters less than the full image. We first developed the
concentrationindexinsilico, by running parallel evolutions using AlexNet convs
units, and found that the local concentration index measured 0.0017+0.0002
(mean + SEM) between DeePSim-BigGAN images optimized by the same site, vs.
0.0015+0.00008 between images optimized by different units (P =7.4x10-14,
Z-Val:7.5,N =91, Wilcoxon signed-rank test, left). D. Local patch similarity
between optimized images. Concentration index values comparing DeePSim-
BigGAN image pairs optimized for the same driving site (“same driver”) versus

image pairs optimized for different driving sites (“different driver”). Left: results
from CNN units (in silico). Right: results from neuronal sites in V1, V4,and IT (in
vivo) from monkeys A and B. Each dot corresponds to one pairwise comparison
derived from asingle driving site (biological replicates for the in vivo panel;
independent units for the in silico panel). Lines connect paired comparisons
within asite. For the in vivo dataset, the mean concentration index was 0.0017 +
0.00010 (mean + SEM) for same-driver image pairs and 0.0016 + 0.00008 for
different-driver image pairs (N =163 sites; Wilcoxon signed-rank test, P=3.2 x
10-8,Z=5.5). Thisindicates greater local patch similarity between DeePSim-
BigGAN images optimized from the same neuronal driver compared to images
drawn from different drivers. E. Image similarity measured by other neural
networks. The violin plot shows cosine similarity between feature exemplars
generated by the same driver neuron/multiunit (“same driver”) versus different
neurons/multiunits (“different drivers”); while the exemplars are biological, the
comparisons are made in the representational space of different networks. Inall
networks tested, exemplars from the same driver neuron were significantly
more similar than those from different neurons: AlexNet conv4 focus (Same:
0.609 +0.098, Unpaired: 0.578 £ 0.096, t=3.93, p=8.5x107%), VGG conv4 focus
(Same: 0.715 £ 0.082, Unpaired: 0.695 + 0.091, t=2.73, p= 6.4 x107%), ResNet50
robust L3 focus (Same: 0.815 +0.050, Unpaired: 0.805+0.048,t=2.37,p=1.8 x10?),
AlexNet conv5 focus (Same: 0.481+ 0.130, Unpaired: 0.439 + 0.126, t =4.14,
p=3.7x107%), VGG conv5 focus (Same: 0.453 + 0.102, Unpaired: 0.432 + 0.103,
t=2.52,p=1.2x107?), ResNet50 robust L4 focus (Same: 0.539 + 0.076, Unpaired:
0.521+0.073,¢=2.97, p=2.9 x107, tests were two-sided). For each layer, we
averaged the activation tensor (weighted, along the spatial dimension),
obtaining an embedding vector with the same dimension as the channel
dimension. The spatial averaging weight was a simple matrix that highlighted the
center of the feature map and gradually fell offto zero at the border. This weight
was a heuristic to emphasize features that were spatially more aligned with the
neuronal receptive field. All 154 experiments were included. Consistently across
metrics, feature exemplars from DeePSim and BigGAN space were more similar
when they were driven by the same neuronal site than when driven by different
sites. Violin plots show the full distribution of values. Box plots inside violins
indicate the median (center line), the 25th and 75th percentiles (lower and upper
box edges), and whiskers extending to 1.5x the interquartile range. F. Similarity
of Prototypes in DeePSim and BigGAN Space for Units in silico. We conducted
parallel evolutions on convolutional network units from ResNet50, ResNet50-
robust, EfficientNet-B6, and EfficientNet-B6 AdvProp. From each network, 50
units were sampled from selected layers, and each unit was evolved 10 times in
both DeePSim and BigGAN space. We then computed cosine similarities between
prototypes evolved by the same hidden unit (within a generator or across
generators) and between prototypes evolved by different units. This defined the
expected similarity range from this approach, independently of neuronal
response noise. The plots show mean cosine similarity + SEM for four conditions:
DeePSim same-unit (cyan), BigGAN same-unit (magenta), cross-generator
same-unit (black), and cross-generator different-unit (blue). Within-generator,
same-unit prototypes showed the highest similarity (especially in DeePSim),
cross-generator prototypes of the same unit showed intermediate similarity, and
different-unit comparisons were lowest. This hierarchy was consistent across
networks, with deeper layers showing larger separations between same- and
different-unit prototypes.
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Extended Data Fig. 4| Extended visualization of neuronal dynamics analysis
duringevolution. A. Schematics of the temporal attribution analysis, activation
difference between PSTHSs of the first and max activation block is normalized
and attributed to each time bin. B. Difference in temporal attribution strength
between DeePSim- and BigGAN evolution threads computed in time bins ranging
from 5 ms to 50 ms, threads with significant activation increase were included,
non-paired. Error bands represent mean + SEM across evolution threads.
Independent t-test (two-sided) were applied separately at each time bin, with
false discovery rate (FDR) correction applied to the raw p values across all time
bins to control for multiple comparison. Statistical significance was defined

at FDR corrected p < 0.05. Dots on top row indicate significant comparisons

per FDR, dots on lower row indicate significance per original p < 0.05; Red dots
indicate time bins where BigGAN > DeePSim, and blue dots indicate DeePSim >
BigGAN. Exact P values for significant bins ranged from p=0.0037 to p=0.042

(the full sets of p values can be reproduced via released code and data).

Sample size (number of successful evolution threads, p<0.01) was DeePSim: V1,
N=10;V4,N=37;1T,N=67; BigGAN: V1, N=0; V4,N=20; IT,N = 65. C. Normalized
evolution trajectories for specific time windows using time bins of 10, 20, 25, and
50 ms (similar to Fig. 5c), same normalizer was applied for each paired evolution
across the two threads and across block and time windows. The line and shaded
error bar indicates mean + SEM across threads. At each block, activations from
DeePSim and BigGAN evolution trajectories were compared using a paired t test
(two-sided). Raw p values from each block underwent False Discovery Rate (FDR)
correction, and statistical significance was determined at corrected p < 0.05, and
significant blocks are indicated by colored dots (the full sets of p values can be
reproduced viareleased code and data). Sample size was N=24 neuronal sites in
V4,N=61inIT, for all analyses.
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Extended Data Fig. 5| Mathematical treatment of alignment between
generator and neuronal tuning. A. Conceptual schematics illustrating our
definition of alignment between a generator and neuronal tuning, and a
categorization of the three scenarios examined.B. Visualization of the
transformed landscape of anisotropic Gaussian tuning curve when composed
with deeper nonlinear (but invertible) networks (RealNVP). C. Optimization
success (mean optimized score) as a function of space dimensionality and depth
of nonlinear transformation, for gradient-based optimization (Adam, top) and
evolutionary optimization (CMA-ES, bottom). Increasing the complexity of the
nonlinear transformation (that is, greater depth of the invertible ReaINVP
network) lowers the best achievable activation level for the function with known
optimal value (1.0). Shaded error bands show the mean and the 95% confidence
interval of the mean estimated via bootstrapping. The sample size was 640
optimization runs (8 nonlinear depths x 8 dimensions x 10 random seeds per
depth-dimension combination). D. Test of linearity for compositions of BigGAN
with tuning functions of CaffeNet hidden units. For both non-rectified and

rectified units, deeper units exhibit more linear relationships with BigGAN latent
codes, asindicated by higher test R? values. This linearity is more pronounced for
the class component of the latent code, whereas the noise component shows no
significant linearity or hierarchical progression. Box plots indicate the median
(center line), the 25th and 75th percentiles (lower and upper box edges), and
whiskers extending to 1.5x the interquartile range or to the most extreme
datapoint within that range. Outliers beyond the whiskers are shown as individual
points. The sample size includes all 21,096 units in CaffeNet: 9,568 from rectified
layers and 11,528 from non-rectified layers. E. Same analysis asin D, but using
DeePSim as the generative model. Linearity between CaffeNet activations and
DeePSim latent codes is less prominent and does not show a clear progression
along the visual hierarchy. Within the latent code, most predictive power arises
from the top Hessian eigenspace, while the bottom Hessian eigenspace
contributes little predictive power. The sample size includes all 21,096 units in
CaffeNet: 9,568 from rectified layers and 11,528 from non-rectified layers.
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Extended Data Fig. 6 | Empirical examination of the notion of a “manifold” in
DeePSim and BigGAN latent spaces. We analyzed the spectrum of the Jacobian
inner product (that s, the pullback metric / Hessian) of BigGAN and DeePSim-
FC6, considering both the full latent space and the top-500-eigenvector
subspace, to assess the extent to which these generators satisfy the conditions of
aRiemannian manifold. A, C, E. Eigenvalue spectra of the Jacobian inner product.
The center line indicates the median eigenvalue across 1,000 randomly sampled
latent points, and the shaded region denotes the 5th-95th percentile range.

B, D. Histograms showing the number of near-zero eigenvalues at each

sampled latent vector (1,000 total). Different colors correspond to different
eigenvalue thresholds used to define near-zero modes. F. lllustration of
violations of the non-intersection (injectivity) property in DeePSim and BigGAN:
traversing one unit along a null vector in latent space produces negligible pixel

space meansquared error (MSE) and effectively no perceptual change in the
generated image.
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Extended Data Table. 1| Success rates of evolution experiments per alternative criterion

init2 < max2, p <0.01 | BigGAN DeePSim Both
V1 | 0/10 (00.0%) 10/10 (100.0%) | 0/10 (00.0%)
V4 | 20/38 (52.6%)  37/38 (97.4%) 20/38 (52.6%)
PIT | 65/106 (61.3%) 67/106 (63.2%) | 52/106 (49.1%)
Total | 85/154 (55.2%) 114/154 (74.0%) | 72/154 (46.8%)
init2 <max2, p <0.05 | BigGAN DeePSim Both

V1
V4
PIT

2/10 (20.0%)
24/38 (63.2%)
78/106 (73.6%)

10/10 (100.0%)
37/38 (97.4%)
69/106 (65.1%)

2/10 (20.0%)
24/38 (63.2%)
61/106 (57.5%)

Total

104/154 (67.5%)

116/154 (75.3%)

87/154 (56.5%)

init2 < last2, p <0.01

BigGAN

DeePSim

Both

V1
V4
PIT

0/10 (00.0%)
15/38 (39.5%)
54/106 (50.9%)

10/10 (100.0%)
35/38 (92.1%)
59/106 (55.7%)

0/10 (00.0%)
14/38 (36.8%)
41/106 (38.7%)

Total

69/154 (44.8%)

104/154 (67.5%)

55/154 (35.7%)

Success criterion defined as an increase in activation from the first two generations (N = 25-40 images per generation) to two neighboring generations during the session, with statistical
reliability estimated using a Student'’s t-test. “Both” indicates that for a given session, both optimizers (BigGAN and DeePSim) were successful in their respective generative spaces. (Top):
t-test between the activations in the first two blocks and maximally activating two blocks, init2 < max2, p < 0.01; (Middle): t-test between the activations in the first two blocks and maximally
activating two blocks, init2 < max2, p < 0.05; (Bottom): t-test between the activations in the first two blocks and last two blocks init2 < last2, p < 0.01. All tests were two-sided.
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Extended Data Table. 2 | Convergence time statistics for each visual area and statistical tests

Area V1 V4 IT

GAN |FC (N=10) BG (N=0) [FC (N=37) BG (N=20) [FC (N=67) BG (N=65)
raw act 4.8+2.5 - 7.9%1.2 6.0£1.7 12.7¢1.1  7.4+11
evoke [7.0+2.4 - 9.2+1.2 8.242.1 16.9£1.0 9.7£1.1
bslinit {10.1£3.1 - 14.3t14 16.9+1.8 [22.1x1.0 16.7t1.0

Area ITvs V4 IT vs V1 IT

GAN | FC (df=102) FC (df =75) FC vs BG (df =51)
raw act | t=2.75, p=7.0e-03 t=2.62, p=1.1e-02 t=3.34, p=1.6e-03

evoke | t=4.75, p=6.7e-06 t=3.57, p=6.2e-04 t=4.95, p=8.4e-06
bslinit | =4.67, p=9.3e-06 t=4.40, p=3.6e-05 t=3.36, p=1.5e-03

Upper, mean + SEM of the statistics. Only threads with successful evolution in that space were included. (max > init, p < 0.01, two-sided) Lower: Significant test for the comparisons presented
in the main paper with alternative statistics. Independent t-test for IT vs V4 and IT vs V1, paired t-test for FC vs BG in IT. Abbreviations: raw act: raw firing rate in 50-200 ms window; evoke: raw
firing rate subtracting a session averaged baseline firing rate computed from 0-40 ms window; bsl init: raw firing rate subtracting the mean firing rate in the initial block, namely, activation
increase from the initial block. We reported the bsl init in the main text and figure.
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and sessions. Since this study requires access to the unprocessed continuous recordings and full metadata, we cannot publicly post the raw files without
compromising the integrity of the ongoing work. Processed data sufficient to reproduce all figures in the present manuscript have been deposited in OSF (https://
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Sample size We worked with four primates and conducted more than 200 recording sessions. The primary unit of analysis was an individual neuron or
neuronal microcluster. We did not use a formal a priori sample size calculation. Instead, sample size expectations were guided by
computational simulations from our previous work, which indicated that the optimization algorithms would produce measurable changes in
firing rate given the planned number of generations, search parameters, and expected neuronal variability. Data collected in the present
study confirmed that the observed effects were robust at this scale, supporting that the sample sizes were sufficient for the analyses
performed. Experiments were replicated across independent recording sessions and neuronal sites. Monkeys A and B contributed 87 unique
sites, and monkeys C and D contributed 160 additional unique sites, but only a subset was used for follow-up experiments. Each session—site
combination was treated as an independent biological replicate. Multiple trials within a block and repeated blocks within an evolution were
technical replicates and were averaged or used for trajectory fitting and not counted as independent samples.

Data exclusions 16 experimental sessions were excluded due to unstable recording quality (e.g., when baseline firing rates changed in a manner consistent
with signal degradation, as measured via a set of fixed reference images). Experiments were also excluded if they had fewer than 15 blocks.

Replication We observed that the image optimization algorithm could be replicated across multiple cortical sites and visual areas within and across
monkeys. Further, many results would be replicated in silico, and analyses where the computational models failed to replicate observed
neurophysiological results, were included as key findings.

Randomization  Thereis no treatment group allocation in our study, as each subject was treated equally. No randomization was required for analysis. We
used four animals, and they were allocated to the same group. By using chronically implanted arrays without prior functional imaging
guidance, we had a random sampling of neuronal responses in cortex. All sites were tested using the same experimental protocol. This
experimental protocol design used pseudo-random block presentation of images for image selectivity. The image synthesis experiments were
also based on stochastic algorithms, and depended on each neuronal site responses. The use of four animals allowed for covariate control,
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because the inability to replicate results in one animal's neuronal population using a separate animal's neuronal population would suggest
that the effects are specific to the particular animal.

Blinding There is no treatment group allocation in our study. No blinding was required for analysis.
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Ethics oversight All procedures were approved by the Institutional Animal Care and Use Committees at Harvard Medical School and Washington
University School of Medicine.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Plants

Seed stocks NA

Novel plant genotypes  NA

Authentication NA




	Neuronal tuning aligns dynamically with object and texture manifolds across the visual hierarchy

	Results

	Characterizing generators and adapting closed-loop optimization

	Neuron-guided image synthesis in two generative spaces

	Image similarity was local and related to response dynamics

	Alignment as a facility of hill climbing

	Alignment as the starting and ending points of hill climbing

	Alignment as the speed of hill climbing

	Object space aligned best to late responses in PIT

	Charting tuning landscapes in the BigGAN latent space

	Peak locations
	Tuning curve shapes


	Discussion

	Summary of results

	Broader theoretical implications

	Connections to emerging questions in neuroscience

	Role of model complexity

	Relationship to previous work on texture versus object tuning

	Implications for computational modeling

	Implications for future neurophysiology

	Principled criteria for selecting generative models in neuroscience


	Online content

	Fig. 1 Texture and object image manifolds as parameterized by DeePSim and BigGAN.
	Fig. 2 Example of a successful paired evolution from an inferotemporal cortex site.
	Fig. 3 Optimized images showed local feature similarity.
	Fig. 4 Differential alignment with DeePSim and BigGAN across the ventral hierarchy.
	Fig. 5 Object space preferentially activated late responses in PIT neurons.
	Fig. 6 Geometry of tuning landscapes in BigGAN latent space.
	Extended Data Fig. 1 Exploring the image statistics and representational flexibility of the generators.
	Extended Data Fig. 2 Win Rate and Convergence Time Constant Analysis.
	Extended Data Fig. 3 Spatial attribution map analyses.
	Extended Data Fig. 4 Extended visualization of neuronal dynamics analysis during evolution.
	Extended Data Fig. 5 Mathematical treatment of alignment between generator and neuronal tuning.
	Extended Data Fig. 6 Empirical examination of the notion of a “manifold” in DeePSim and BigGAN latent spaces.
	Extended Data Table. 1 Success rates of evolution experiments per alternative criterion.
	Extended Data Table. 2 Convergence time statistics for each visual area and statistical tests.




