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Abstract

Humans and other animals display a remarkable ability to generalize learned knowledge
to novel domains (out-of-distribution, OOD). This capability is thought to depend on
the format of neural population representations, but which geometrical properties support
OOD generalization—and which learning objectives give rise to them—remain unclear.
We analyze mouse V1 population responses to static grating orientations and show that a
decoder trained within a restricted orientation domain can generalize to held-out domains.
The quality of generalization correlates with both the dimensionality and curvature of the
underlying representation manifold. Notably, similar OOD-generalizable geometry emerges
in a deep neural network (PredNet) trained for next-frame prediction on natural videos.
These results identify possible geometric properties underpinning OOD generalization and
suggest predictive learning as a plausible route to acquire generalizable representational
geometry.
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1. Extended Abstract

Humans and other animals routinely generalize across domains—for example, adapting
driving skills learned at low speed to high-speed highway driving. Such OOD generalization
is believed to rely on specific formats of neural representations (Li et al., 2024). While
prior work has advanced our understanding for discrete variables (e.g., object categories
(Sorscher et al., 2022)), how neural representations support OOD generalization over con-
tinuous variables (e.g., orientation or speed) is less understood.

A prevailing hypothesis posits that low-dimensional, low-curvature neural manifolds fa-
cilitate OOD generalization (Chung and Abbott, 2021). Empirical hints of low-dimensional
and low-curvature structure have appeared in studies of natural-video perception (Hénaff
et al., 2019), V1 (Hénaff et al., 2021), and EEG (Sheahan et al., 2021); however, a direct
link to OOD generalization has been lacking.

To address this, we studied mouse V1 responses (Stringer et al. (2021), Figure 1A) to
static gratings spanning orientations. We partitioned trials into non-overlapping orientation
ranges for training and testing, trained a circular ridge decoder on one range, and evalu-
ated on held-out ranges. Decoders generalized robustly, with errors increasing smoothly as
the held-out span grew, while remaining below chance across tested ranges (Figure 1B).
To probe representational correlates of this OOD generalization, we projected population
responses onto the first 200 principal components and fit a smooth orientation manifold via
Gaussian process regression (GPR). We quantified dimensionality as the number of PCs
required to reach a variance-explained threshold and curvature as the mean angle between
adjacent tangents along a 300-point mesh on the fitted manifold. We found that both mani-
fold dimensionality and curvature were correlated with cross-validated OOD error (three 60°
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folds; Figure 1D), whereas in-distribution (random-split) errors showed no statistically sig-
nificant correlation (Figure 1E), suggesting that low-dimensional, low-curvature geometry
is a preferable biological neural representation format for OOD generalization.
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Figure 1: OOD generalization error correlates with the dimensionality and curvature of the
representation manifold. (A) Neural responses from mouse V1 to three grat-
ing types across orientations were analyzed. Train/test schemes: OOD (non-
overlapping orientation ranges) and IDI (random split). A decoder was trained
to predict orientation from neural responses. (B) Each dot is one recording ses-
sion at a given Af.q; lines connect session averages. Orange dashed line: mean
IDI error; orange shaded band: 95% confidence interval of the IDI mean. Gray
dashed line: chance-level decoder. (C) One example fitted neural manifold (solid)
in PCA space; crosses are test data. (D, E) Each dot is one recording session.
Corr: Pearson correlation coefficient. ***p < 0.001, **p < 0.01, *p < 0.05, n.s.
not significant; two-sided Pearson correlation test.

What learning objectives engender such geometry? Predictive learning has been shown
to yield multiple biologically plausible features (Lotter et al., 2020) and is a powerful pre-
training objective. Here we hypothesize that predictive learning promotes OOD generaliza-
tion.

To test this hypothesis, we trained PredNet, a hierarchical predictive coding—inspired
network, on next-frame prediction of natural driving videos from KITTI (Geiger et al.
(2013), Figure 2A). After training, we presented sine grating stimuli of varying orientations
and collected responses from each layer. Each layer contains on the order of 50,000 units;
to make geometry analyses tractable, we projected responses into 50 principal components,
which explained nearly all representational variance. Mirroring the V1 analysis, we split
the data into three non-overlapping orientation ranges—two folds for training and the left-
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out range for testing—and measured decoding error. Cross-validated OOD error decreased
with depth in trained PredNet, but not in the untrained model. In contrast, in-distribution
error did not account for the OOD trend, suggesting an intrinsic improvement in OOD
generalization with depth rather than a trivial consequence of in-distribution performance
(Figure 2B). Finally, manifold geometry mirrored this pattern: deeper trained layers exhib-
ited reduced dimensionality and curvature, and these metrics correlated significantly with
OOD performance (Figure 2C and D).
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Figure 2: A neural network trained to perform next-frame prediction forms OOD-
generalizable representation manifolds. (A) PredNet architecture. (B) Sine grat-
ing stimuli with varying orientations were presented to trained and untrained
PredNets; unit responses were collected across layers. Blue/gray dots represent
individual trained/untrained models. “Corr_layer” denotes the Pearson correla-
tion between layer index and test error. (C) Fitted manifolds for each PredNet
layer (projected into PCA space). (D) Dimensionality and curvature across lay-
ers. “Corr_ood” denotes the Pearson correlation between layer index and OOD
performance.

Together, these results show that low-dimensional, low-curvature geometry in biologi-
cal/artificial neural representations better support OOD generalization, and suggest pre-
dictive learning as a plausible route to acquire generalizable representational geometry.
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