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Abstract

Deep neural networks provide strong predictive models of
primate visual cortex, but are typically trained with end-to-
end objectives requiring global backpropagation. We in-
troduce ST-MMCR, a layerwise self-supervised learning
scheme that trains successive stages of a convolutional
hierarchy with local objectives matched to their receptive-
field scale. The objective is based on maximum manifold
capacity representations: temporally nearby views are
pooled into compact, discriminable manifolds using pro-
jection, local spatial pooling, temporal pooling, and a
nuclear-norm loss. This implements complexity match-
ing through the architecture rather than through separate
hand-crafted augmentation streams as was done in pre-
vious work. Evaluated on macaque V1, V2, and V4
datasets and human-aligned object-classification bench-
marks, ST-MMCR matches or exceeds architecture-
matched supervised and self-supervised baselines in
neural predictivity, approaches adversarially robust mod-
els, and improves out-of-distribution and human-aligned
behavior when used as a visual front end.

Motivation

Task-optimized deep neural networks are among the
best current phenomenological models of the primate
ventral stream (Willeke et al., 2023; Yamins et al., 2014;
Zhuang et al., 2021), but their biological interpretation is
limited by their reliance on global backpropagation and
by the weak constraints imposed on intermediate repre-
sentations. Layerwise learning offers a natural alterna-
tive: each stage receives its own local training signal,
allowing internal representations to be shaped directly.
Prior work has shown that such learning is most suc-
cessful when each layer’s task complexity is matched
to its representational capacity (Parthasarathy et al.,
2024). However, existing implementations often achieve
this using different augmented inputs for different layers,
whereas biological visual systems learn from a common
visual stream. We propose a layerwise objective that
instead matches task complexity to representational ca-
pacity through spatial and temporal scale.

Approach

We train a three-stage AlexNet-like convolutional net-
work, with stages corresponding approximately to V1,
V2, and V4 (Krizhevsky et al., 2012). Each stage re-
ceives a self-supervised loss computed from synthetic
videos generated by smoothly transforming ImageNet
images over time. Because nearby frames are related
by simpler transformations than distant frames, tempo-
ral pooling provides a natural axis for controlling invari-
ance; because receptive fields grow with depth, fixed-
size pooling on deeper feature maps corresponds to
larger effective regions of the input.

Our objective is based on maximum manifold capac-
ity representations (MMCR), which cast self-supervised
learning as an approximate optimization of the number
of linearly separable transformation manifolds that can
be stored in a representation (Chung et al., 2018; Yerxa
et al., 2023). For each input video x,, the ith stage pro-
duces a spatiotemporal feature map. After the projec-
tion head g4, and local spatial pooling, frame-wise re-
sponses are projected onto the unit sphere by [, then
averaged over a local temporal window to form a cen-
troid:
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Here LSP(s;) denotes local spatial pooling, LTP(f) tem-
poral pooling over t frames, and 1 channel-wise normal-
ization. The same computation is used at each stage,
but the effective spatial region and temporal window in-
crease with depth.

For a minibatch of B videos, the centroids from stage
i are assembled into a matrix
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Figure 1: Neural predictivity across models. ST-MMCR
is evaluated against architecture-matched supervised, self-
supervised, robust, random, and handcrafted baselines on
neural recordings from macaque V1, V2, and V4. Bars show
the best layer score for each model and dataset.

The MMCR loss for each stage is the negative nuclear
norm of this centroid matrix,
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and the full training objective is
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This objective aligns temporally related views while
spreading centroids from different images apart, com-
bining invariance and discriminability in a single term.
Because the centroid matrix has one column per input
video rather than one column per frame, the objective
does not grow quadratically with the number of tempo-
rally pooled samples, making it well suited to learning
invariances over extended temporal windows. Gradients
from each Ef\’A)MCR update only the corresponding stage
and projection head, yielding layerwise learning without
global backpropagation across stages. This makes the
learning problem increasingly difficult across the hier-
archy without changing the input distribution seen by
each stage. In this sense, ST-MMCR converts hand-
designed layer-specific augmentation schedules into a
single architectural principle: deeper stages integrate
information over larger regions of space and time.

Evaluation

We evaluated model-brain alignment using recordings
from macaque V1, V2, and V4. For V1/V2, stimuli were
synthetic naturalistic textures and spectrally matched
noise images (Freeman et al., 2013; Ziemba et al,
2016); for V4, stimuli were natural images and paramet-
rically texturized variants (Lieber et al., 2024). Model ac-
tivations were mapped to trial-averaged firing rates using
partial least-squares regression, and performance was
measured by the median cross-validated Pearson cor-
relation across neurons.

ST-MMCR reproduces the key prediction of complexity-
matched learning: each stage is most predictive of its

corresponding cortical area when the spatial and tem-
poral scale of the learning problem is matched to that
stage’s receptive-field size. With stage-adapted pool-
ing, a single network trained on one stream of full-size
videos achieves near-peak predictivity across V1, V2,
and V4. Across baseline comparisons, ST-MMCR out-
performs standard supervised AlexNet and end-to-end
self-supervised AlexNet in all three areas, while ap-
proaching the performance of an adversarially robust
AlexNet baseline. Ablations indicate that removing lay-
erwise gradient isolation or intermediate losses mod-
estly reduces neural predictivity.

We also evaluated classifiers trained on frozen ST-
MMCR front ends using ImageNet, out-of-distribution
image sets, and human choice-alignment metrics
(Geirhos et al., 2021). Although ST-MMCR front ends
reduce standard ImageNet accuracy relative to full
supervision, the V2-stage front end improves out-of-
distribution generalization and agreement with human
choices and errors, suggesting that biologically moti-
vated self-supervision can improve behavioral alignment
without directly optimizing for it.

Discussion

ST-MMCR provides a biologically motivated alternative
to end-to-end task optimization for modeling the ven-
tral stream. Its central contribution is to implement
complexity-matched layerwise learning without requiring
distinct input distributions or hand-crafted augmentation
strengths for different layers. Instead, task complexity
is controlled by factors that also organize the biological
hierarchy: increasing receptive-field size and temporal
integration.

The learning rule uses local losses, applies the same
objective form at each stage, and computes that objec-
tive using operations related to common cortical motifs,
including rectification, normalization, spatial pooling,
and temporal integration (Carandini & Heeger, 2012).
While the final nuclear-norm computation does not yet
have a direct biological implementation, the framework
suggests a concrete target for future work on local cir-
cuit approximations to capacity-based objectives. More
broadly, these results suggest that constraints on credit
assignment and task scale can produce representations
competitive with task-optimized models in neural predic-
tivity and better aligned with human behavior under dis-
tribution shift. This provides a possible bridge between
efficient-coding accounts of sensory representation and
modern self-supervised objectives for hierarchical vision
models.
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