2610.16161v1 [cs.LG] 12 Oct 2026

arxiv

Fisher information and the geometry of memorization
in neural networks

Daniel T. Bernstein” Chase Goddard” Luca Di Carlo
Princeton University' Princeton University? Princeton University'-?
Vudtiwat Ngampruetikorn® David J. Schwab?®
University of Sydney? CUNY Graduate Center*
Abstract

A fruitful approach towards understanding generalization in machine learning
involves characterizing how models separate generalizable structure from idiosyn-
cratic or even corrupted features of training data. Fisher information has emerged
as a diagnostic tool for this separation, leveraging loss geometry to distinguish
generalization from memorization. Here we investigate this connection in vision
models trained on CIFAR-10 with controlled noise that can be learned only through
memorization. We show that projecting model weights onto the top Fisher eigenvec-
tors decouples general task performance from noisy sample memorization, and we
investigate how this decoupling presents differentially across layers. We show that
the same phenomena are present in small transformers trained to solve a synthetic
in-context learning task, and are reproduced in closed form in a simple, analytically
solvable linear model. Our results reveal that Fisher information captures aspects of
the geometric structure underlying how neural networks allocate capacity between
generalization and memorization.

1 Introduction

Modern neural networks can memorize their training set [1], yet in practice they learn features that
generalize to unseen examples. Disentangling memorization from generalization is a central problem
in machine learning—large language models reproduce substantial fractions of their pretraining
data [2], raising copyright and privacy concerns; adversaries can exploit memorization through data
poisoning [3]; and memorization of mislabeled examples degrades generalization. Progress on any
of these fronts requires a clearer picture of how trained models store memorized content and what
distinguishes it from generalizing features.

The geometry of the loss landscape offers a natural setting for this question, and recent work argues
that the eigenspectrum of the Fisher information separates memorized information from generalizing
features, using this separation to remove memorized content from trained language models [4]. Here,
we investigate this phenomenon across several settings designed to probe how and when the Fisher
encodes memorized features.

The Fisher information’s averaging structure suggests why it might isolate memorization. On a dataset

D, the Fisher decomposes as an average of per-sample contributions, F = ﬁ >xeD Fx, where each

F, measures the sensitivity of the network’s output to its parameters at sample x. Directions that
encode generalizing features should align across single-sample Fishers and add coherently in this
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average. On the other hand, directions that encode memorization of particular samples should instead
be largely orthogonal in parameter space and suppressed by a factor ~1/|D]| in the average. The top
of the population Fisher’s eigenspectrum is therefore a natural place to look for a separation between
memorized content and generalizing structure.

This picture turns memorization into a set of testable geometric predictions. If memorized features
are supported on sample-specific directions, then projecting onto the top Fisher eigenspaces should
preserve structure shared across the training distribution while suppressing information tied to
individual examples. In a trained network, however, the relevant eigenspaces may depend on the data
used to compute the Fisher, may appear only in particular layers, and may trade off memorization
removal against the loss of weak but useful features. These considerations motivate our experiments.
The Gaussian-image setting isolates pure input-level memorization (§3.1), the label-noise setting
tests whether de-memorization can recover an underlying correct label (§3.2) and the in-context
regression setting asks whether the same geometry applies to memorized latent tasks (§3.3). The
barcode model then distills the same mechanism into a linear setting where finite-sample correlations
with uninformative features can be analyzed in closed form (§5).

Our work extends this Fisher-based account of memorization in three directions. First, we show
that distinct forms of memorized content—random-input examples, mislabeled training examples,
and memorized latent tasks in a synthetic in-context learning task—Ileave distinct signatures in the
layer-wise Fisher geometry. Second, we find that the geometric separation between memorization
and generalization depends sharply on the data used to evaluate the Fisher: a denoised dataset yields
cleaner separation than the full training distribution. Third, suppressing memorized directions can
partially recover task generalization that the trained model otherwise loses to overfitting.

1.1 Contributions

In this work, we study the relationship between sample memorization and the Fisher information. We
do so by investigating conditions under which the projection of a neural network’s weights onto a
subspace governed by the Fisher information induces de-memorization. We define de-memorization
as an operation performed on a neural network which disproportionately degrades its performance
on samples that the network was forced to memorize, while inducing only minor degradation on
other samples. We emphasize that de-memorization is separate from the phenomenon of unlearning:
de-memorization does not allow a network to selectively forget individual samples in its training set
[5-7]. We specify the projection operation in detail in the Experiments section. Our contributions are
as follows:

* We demonstrate how low-eigenvalue subspaces of the Fisher information encode memorized
data across a variety of experimental settings: We investigate input/output noise in image
classifiers, the structure of subspaces across layers, and an in-context regression task.

* We show that de-memorization performance depends on the samples used to compute the
Fisher: the structure of Fisher eigenspaces with respect to memorization is data-dependent.

* In an in-context regression problem, we demonstrate that de-memorization can be lifted to
the level of latent tasks while simultaneously improving task generalization, and we identify
model components responsible for task memorization.

* We investigate how easily individual samples can be de-memorized from the model by
using information encoded in single-sample Fisher matrices, and we use the language of
participation ratios to understand how different kinds of samples contribute to different
regions of the eigenspectrum.

* We develop an analytically tractable “barcode” model that exhibits the de-memorization
phenomenon in a simple linear setting.

2 Related Work

Curvature-based signatures of memorization. Recent works have used local curvature measures
to identify example-level memorization. Most closely related to our work, Merullo e? al. [4] study
the eigenspectrum of loss curvature in language models, finding that the top Fisher modes encode
reasoning-like structure, whereas lower-curvature modes encode memorized samples. Loss curvature



per-sample has been proposed as a way to identify mislabeled and conflicting examples, and corrupted
data injected into the training set can exhibit high-curvature signatures [8]. Influence-function methods
use gradients and Hessian-vector products to map predictions back to influential training examples

[9].

Memorization and noisy labels. Overparameterized neural networks can fit arbitrary labels and
random inputs [1]. However, networks also tend to learn simple, “shared” structure before fitting
noisy samples [10], which has inspired methods that can leverage this tendency to train networks
on very noisy data [11]. Memorization can also be beneficial for generalization, and influence-
based approaches suggest that memorization of atypical examples can improve performance on rare
subpopulations [12, 13].

Loss geometry, sharpness, and Fisher information. A significant body of work relates gener-
alization to the local geometry of the loss landscape. Flatter minima have long been hypothesized
to generalize better [14], and empirical studies have connected sharp minima to generalization gaps
[15, 16]. Studies of the Hessian spectrum have shown that trained networks typically exhibit a small
set of stiff directions along with a bulk of near-zero eigenvalues [17—19]. The Fisher information
provides a related local metric [20, 21] which does not rely on a loss function to measure model
sensitivity. Furthermore, there is evidence that flat directions connect minima more globally [22-25].
Fisher information has been used to identify parameter directions important for previously learned
tasks in continual learning [26] and to study early phase training dynamics [27].

In-context learning and task overfitting. Regression tasks have become a standard testbed for
studying in-context learning [28-30]. More recent work shows that the emergence of in-context
learning depends strongly on task diversity and training duration, such that transformers may first
generalize to held-out tasks and later overfit by memorizing the finite set of training tasks [31-33].
Further work localizes the memorization to the MLP layers in the transformer [32, 33].

Benign overfitting and data coarse-graining. Our theoretical model studies a simplified setting
of high-dimensional linear regression. In work on benign overfitting [34, 35], fitting pure noise
can increase variance, and removing uninformative feature directions after fitting can reduce risk
in finite samples. Our model isolates a “barcode” block that is uninformative across the population
but is correlated with potential label noise. Data coarse-graining work shows that discarding data
dimensions can improve predictive performance when the discarded degrees of freedom primarily
encode noise [36].

Unlearning. The de-memorization phenomena we study is distinct from unlearning research.
Unlearning refers to the procedure of forcing a neural network to forget specific information on which
it was trained, and is usually studied in the context of data privacy concerns or data which might
produce harmful behavior in the model [5-7]. The type of model editing that we investigate does not
support fine-grained deletion of information required for unlearning.

3 Experiments

To explore the interplay between memorization and loss geometry, we force models to memorize a
subset of their training data using two variants of the standard CIFAR-10 classification task [37].

First, to study input noise, we augment the CIFAR-10 training set with 500 synthetic images (1% of
the training set). Following standard protocols for injected noise (see, e.g., Ref [1]), each synthetic
image is drawn from a Gaussian distribution whose mean and variance match the statistics of a
randomly chosen CIFAR-10 class, but is assigned the label of an independently chosen random class.
Because the input statistics and labels are independent, the network cannot rely on generalizable
features, forcing it to explicitly memorize these inputs.

Second, to study label noise, we randomly corrupt 10% of the training labels (see, e.g., Ref [8]).
Each corrupted label is reassigned uniformly among the nine incorrect classes, forcing the network to
explicitly memorize these modified samples.

In both settings, we train a ResNet-20 [38] to 100% training accuracy (details in Appendix A.1).
Following Merullo et al. [4], we compute and diagonalize each layer’s Fisher information matrix and



A First layer B Last layer

1.0 | o - 1.0 |
o Train
o
08 [ Y 08 [
- , Test -
[9) ? [9)
® 06 ] ® 06
3 1 o
8 ! 3
< 04 /P < 04F
p
0.2 # Gaussian 02k
0-0"70
00 1 1 1 ] 00 1 1 1 |
0 50 100 150 200 0 50 100 150 200
Subspace Dimension k Subspace Dimension k

Figure 1: Layer-dependent decoupling of memorization and generalization via Fisher projec-
tion: memorized Gaussian images. Classification accuracy as a function of the number of retained
top Fisher eigenvectors k, computed over the full training set (CIFAR-10 and Gaussian images) for a
single layer of a ResNet-20. Green: CIFAR-10 test; blue: CIFAR-10 train; red: memorized Gaussian
samples. A) In the first layer, CIFAR-10 train and test accuracy rise in tandem and reach a maximum
at k ~ 45, while accuracy on memorized Gaussian samples remains at ~30%, demonstrating selective
de-memorization at negligible cost to generalization. B) In the last layer, all three curves rise sharply
even for very small k, with no separation between them at any point, indicating that memorized and
structured representations have merged and can no longer be separated.

evaluate performance after projecting weights onto the top-k subspaces. Unlike Ref [4], which relies
on a K-FAC approximation, we compute the exact per-layer Fisher matrix. The Fisher information
measures the sensitivity of the network’s output to parameter perturbations,

v D02 pe(c | Xi)8ic(09)8ic(6)T,  8ic(6) = Vglog pa(c | Xi)lgpr ey
i=1 c=1

It is the Hessian of the Kullback-Leibler divergence, Dy (6]|6") =~ %(9 - 0)TF(6)(8 - 0) for
0’ ~ 6. We will show later that the dataset D over which we compute the expectation can significantly
influence the results of this procedure.

F(o*) =

3.1 Which layers store memorized information?

Figure 1 illustrates the effect of this procedure on the first and last layers of a network trained on the
Gaussian data. We compute the Fisher information over the entire training set, including both CIFAR
and Gaussian images.

In the first layer, the model’s accuracy on standard CIFAR-10 images (both train and test) rises
quickly as a function of the eigenspace dimension k, outpacing its accuracy on the Gaussian data. At
an eigenspace dimension of k£ = 45, the model achieves near-maximum accuracy on the CIFAR-10
dataset while correctly classifying less than 30% of the Gaussian samples. The accuracy on both the
CIFAR-10 train and test sets rises in tandem, showing that this procedure separates the memorized
data distribution from the learned distribution of CIFAR-10 images.

Applying this projection to the final layer results in markedly different behavior. Accuracy across all
three partitions (CIFAR-10 train, CIFAR-10 test and Gaussian) climbs simultaneously to full-model
accuracy as the subspace dimension k increases. By this layer, the model’s representations of the two
data distributions have converged, precluding selective removal. Taken together with the first layer,
this indicates that the signature of memorization is layer-dependent, restricting de-memorization
interventions to specific layers.

We also note that nearly all the relevant predictive information in the final layer’s weights is concen-
trated within the span of the top ~5% of its eigendirections.

3.2 Memorization and generalization

In the Gaussian setting, de-memorization simply changes the model’s predictions on unstructured
inputs. When the model has memorized mislabeled examples, however, a correct answer exists, and
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Figure 2: Layer-dependent decoupling of memorization and generalization via Fisher pro-
jection: noisy labels. Classification accuracy as a function of retained top Fisher eigenvectors k
for a ResNet-20 trained on CIFAR-10 with 10% label noise. Blue: train accuracy; Green: test
accuracy; Red: accuracy on poisoned samples under their (wrong) training labels; Orange: accuracy
on poisoned samples under their true labels. A&B) Fisher computed on clean (non-corrupted) data
only. C&D) Fisher computed on the full training set. First layer, A&C): top Fisher eigenspaces treat
memorized and clean samples differently under both Fisher variants. Penultimate convolutional
layer, B): with the clean Fisher, de-memorization is successful — the red curve has not reached its
maximum by the time train and test accuracy do — and the model partially recovers the true labels of
label-flipped samples, with the orange curve rising well above chance. Penultimate convolutional
layer, D): with the full Fisher, decoupling becomes weaker, highlighting the role of dataset choice in
computing the Fisher.

we can ask whether de-memorization recovers it. To answer this question, we turn to the second
setting, where we flip the labels of 10% of the training set. When we “de-memorize” in this setting,
we can ask how often the true label is recovered.

In Fig 2, we show the results of the projection procedure for two representative layers (for all other
layers, see Appendix Figs 9 and 10). In the top row, we compute the Fisher information over a dataset
of only clean examples and in the bottom row we compute the Fisher over a subset of the full training
data. For the first layer (left column), we see similar behavior for both Fisher sets: the top subspace
treats the data with real labels differently than the data with flipped labels. Although in this case
the projection procedure does not completely remove the memorized data, we note that accuracy on
the true labels of the flipped samples (orange curve) improves well above chance in the top Fisher
subspace.

In the right column, we consider the penultimate convolutional layer, the third-to-last layer in the
network. In this layer, the data on which the Fisher is computed matters significantly: when we use
only clean samples, the top eigenspace again treats the two types of data differently, but when we use
samples from the full training set, including those with noisy labels, the accuracy curves move closer
together. This highlights a fundamental property of the Fisher information: its geometric structure is
highly dependent on the data distribution over which it is evaluated.

What are the implications of the layer-wise analysis for the geometry of the full Fisher? Although
computing the full Fisher is unwieldy for these models, we can use a block diagonal approximation
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Figure 3: Memorization and generalization across layers. Results of using a block-diagonal
approximation to estimate the Fisher information across all model parameters in the noisy-label
setting. A) The Fisher is computed on training data with clean labels only. The top eigenspace
selectively captures information about the true classification task. We also see non-monotonic
behavior in the performance on the true labels of memorized samples (orange dashed line). B) The
Fisher is computed on a sample from the full training dataset, including samples with corrupted labels.
In this case, top eigenspaces mix information across tasks, emphasizing the data-dependence of the
Fisher.

to gain some insight into how layer-wise phenomena accumulate across the model. In Fig 3, we show
the results of the projection scheme for a block diagonal Fisher computed on clean data only (A) and
a sample of the full training set (B).

When computing the Fisher matrix exclusively on data with clean labels (Fig 3A), the top eigenspaces
selectively capture information about the true classification task. In these dominant subspaces, the
network starts to ignore the corrupted labels it was forced to memorize during training. However,
when we compute the Fisher on a sample from the full training dataset (Fig 3B), this geometric
separation breaks down. Without the clean data filtering, the top eigenspaces mix information across
the generalization and memorization tasks—in order to see any separability, we need to turn to the
individual layers (Fig 2).

3.3 In-context learning

We next investigate memorization in an in-context learning (ICL) setting [39]. A growing body of
work has developed in-context learning of linear regression as a simple model of ICL amenable to
quantitative study [28, 31, 40, 41]. One important feature of ICL captured by the linear regression
model is that ICL behavior can be transient, emerging early on during training before the model
memorizes the set of training tasks [31-33]. Here, we investigate how the model encodes these
memorized tasks, and show that we can recover at least some of the transient ICL performance using
Fisher projection.

We train a three-block GPT-2 style transformer on contexts C; = (xy, yi,X2, ¥2,...,X,) With y; =
wTx;. The model must learn to effectively infer the latent regression “task” vector w to predict y,.
Following Ref [31], training contexts are sampled uniformly from a set of M task vectors, {wT}’T‘”= T
As shown in Fig 4A, when M is small, performance on held-out tasks first improves until the model
overfits to the training tasks. We emphasize that the model never directly sees the task vectors, and so
this setting, we investigate memorization of latent “concepts” rather than the direct memorization of
the input data.

We next compute the Fisher information for each component in the model, and project the model
parameters onto top-k subspaces. In Fig 4B and C, we show the results for the second transformer
block’s attention and MLP layers (See Appendix Fig 8 for all layers). We see that in the attention
layer, projecting onto top subspace only hurts model performance, on both the memorized training
tasks and held-out test tasks. However, the same projection procedure applied to the MLP layer
yields a substantial improvement in test performance at the cost of performance on the memorized
tasks. We note that prior work also identified the MLP as the component of a transformer responsible
for memorization [32, 33]; our analysis further suggests that this memorized information is stored
in low-Fisher-eigenvalue parameter components. Moreover, removing memorized information can
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Figure 4: From memorization to generalization, in-context. A) Transient ICL training dynamics.
The three-block transformer first improves performance on held-out tasks, before overfitting to training
tasks. B) Fisher projections for the attention layer, second transformer block. All projections decrease
performance. Shaded region shows standard deviation across 16 models. C) Fisher projections for
the MLP layer, second transformer block. Top Fisher subspaces improve task generalization (green)
at the cost of performance on memorized tasks (blue).

partially restore in-context learning based task generalization, closing roughly half the gap to the best
early-stopped performance.

4 Contributions of Individual Samples

4.1 Sample Contributions to the Eigenspectrum

To better understand how individual data samples contribute to generalization and the structure

of the Fisher information, we examine the participation ratios associated with individual samples

in the eigenspectrum of the (layerwise) Fisher. To get some intuition, we can express the Fisher
1 vn

information as an average over per-sample Fishers: - >" | F;. Then, diagonalizing the Fisher

as F = Zi:l Axligu), we define the contribution of sample i to mode k as cf.‘ = iy Fiiix. The
participation ratio for mode k is then ¥* = (3; cf)z/(n i (cf.‘)Q). This ratio is a measure of the
fraction of data samples that contribute to mode k. For example, when c{.‘ =1foralli, ¥ = 1
and all samples contribute (equally). On the other hand, when only a single sample contributes,
pk = % and the participation ratio is suppressed by the size of the dataset. The restricted participation
ratio Wipr = (Zjccmar ¢§)?/(n Z; (¢f)?) restricts the numerator to only the contributions of

the CIFAR samples, and this convention is used equivalently for WX Wk and WX

Gauss’ ~ corrupted’ uncorrupted’
Note that W # lPéIF AR T ‘I’éauss generically because of cross-terms.

Figure 5A and B display first-layer participation ratios across the eigenspectrum. In the input-noise
experiments (Fig 5A), we see total participation ratios drop by roughly one order of magnitude from
top to bottom modes. Importantly, the restricted ratios show that clean CIFAR-10 images dominate
the top modes, whereas memorized Gaussian noise is relegated to the bottom. These findings suggest
that the top eigenmodes capture information about structured, generalizing features in the data,
while the bottom portion corresponds to memorized, idiosyncratic information. By contrast, in the
noisy-label experiments (Fig 5B), we see that corrupted and uncorrupted samples contribute in a
constant ratio across the entire spectrum.

4.2 Single-Sample Projections

We also investigate single-sample deletion by projecting out top eigenvectors of single-sample Fisher
information matrices, as we show in Fig 5C and D. We refer to the process of calculating a sample’s
single-sample Fisher information and projecting out top eigenvectors of this Fisher as ‘sample
projection.’
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Figure 5: Single-sample contributions and projections. Participation ratios for A) input-noise case
and B) label-noise case. A) suggests that structured CIFAR images primarily contribute to the top
of the eigenspectrum, while noisy samples primarily contribute to the bottom of the eigenspectrum.
This separation does not occur in B). C) We plot the self-hit rate of correct sample classification after
projecting out the top-k subspace of the corresponding single-sample Fisher information (‘sample
projection’) in the input-noise case, and D) shows the same statistic for the label-noise case. Noisy
samples are less likely to be recovered than their counterparts.

Table 1: Bulk accuracy after sample projection. The k = 0 column is the matched unchanged-weight
BatchNorm control (see Appendix D for results on other Fisher sources).

Gaussian model Noisy-label model (10% noise)
k=0 1 2 4 9 k=0 1 2 4 9
Fisher source CIFAR-10 (%) Fisher source uncorrupted (%)
CIFAR-10 train (5k samples) 100.0 99.9 99.9 99.9 99.8  CIFAR-10 train (5k samples) 100.0 100.0 100.0 99.9 99.9
CIFAR-10 test 84.3 83.9 83.7 83.4 83.1 CIFAR-I10 test 734 731 73.0 72.7 723
Fisher source Gaussian (%) Fisher source corrupted (%)
Gaussian set 100.0 98.4 96.1 90.5 75.6  Corrupted CIFAR (assigned labels) 100.0 100.0 100.0 99.9 99.8

As depicted in Fig 5, classification accuracy after projection is higher for clean CIFAR-10 images
than for Gaussian inputs, and this gap widens as more eigenvectors are projected out. Likewise, in
the label-noise experiments, not only are uncorrupted samples more resilient to projection, corrupted
samples also recover their true labels more often than their assigned false labels. True-class recovery
is non-monotonic in the number of removed subspace dimensions. Finally, we note that sample
projections minimally degrade samples besides the one targeted: the exception to this trend is
significant degradation of performance on the Gaussian set after projecting out a Gaussian sample
(see Table 1).

5 A barcode model of label-noise memorization

Our experiments demonstrate that projecting model weights onto top Fisher modes degrades the
model’s recall of memorized samples while preserving generalization to clean data. Curvature-based
editing [4] and coarse-graining of uninformative features [34, 36] offer partial accounts of this effect,
but closed-form analyses for discrete label flips remain unavailable. To illustrate this mechanism, we
develop an idealized linear model that yields exact expressions for the risk reduction from projection
and reveals a regime in which an interior-optimal projection rank emerges.

Fig 6A depicts the generative model. For each input-label pair (x,y), we generate a sign vector
u ~ Uniform({—1,+1}"). The feature vector x consists of informative features s, obtained from
anisotropically scaling the sign vector, and barcode features z, modeled as an isotropic Gaussian
vector; that is,

X = [S] eR™ with s; =wu; and z~ N(0,1I,), )

z
where u is a fixed nonnegative vector. The clean label y is a scaled sign vector, and the corrupted

training label ¥ is subject to random per-dimension sign flips,

yi =au; and §; =7n;y; 3)
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Figure 6: Finite-rank linear model illustrates the risk gain from Fisher projection. A) Generative
model. A latent sign vector u is drawn uniformly from {—1, +1}"; anisotropic scaling by amplitude
vectors p and a produces signal features s and clean label y, respectively. The observed features
x result from concatenating the signal s and the uninformative barcode features z, modeled as an
isotropic Gaussian vector in d dimensions. The training label J is the clean label y with random
per-dimension sign flips, with a random sign vector 7. B) Risk gain from removing the barcode block
post hoc vs label flip probability Pg;,, demonstrating quantitative agreement between theory (solid
curve, Eq (7)) and simulations (circles; error bars are smaller than the circle size). C) Prediction
MSE vs retained Fisher rank for three flip rates (see legend). Two of four signal dimensions have
population variance below the spectral separation threshold and therefore mix with the barcode bulk.
In both theoretical prediction (solid curve, Eq (22)) and simulations (circles), an interior optimum
emerges as the flip rate increases. Shown results are for (n,r, d) = (500, 4,250) with 200 replicates.

where a denotes a fixed nonnegative vector, n € {—1,+1}" a random vector with P(n; =—-1) = p;.
The probability that at least one coordinate flips is Pgip = 1 — [1;(1 — p;). The corrupted label
decomposes into a shrunk clean label and a noise term,

Vi =1iyi + & (4)
where 77; = E[n;] = 1 — 2p;. The noise term is given by
& =(mi—f)y: with E[£[y]=0 and E[&&;|y] = 6ija;(1-7). (%)

Stacking 7 independent training samples yields the design matrix X = [§] € RO+ with
informative-feature block S € R”*", barcode block Z € R?*", corrupted-label matrix ¥ € R"*" and
noise matrix = € R™*",

We fit a linear model, § = Os + ©,z, on the training data (X, Y) and evaluate its prediction risk on a
fresh sample (x, y) from the clean generative model, i.e., no corrupted label at test time.

Minimizing ||¥ — ©,S — ©,Z||2. over coefficient blocks ©; € R™" and ©, € R"™*¢ gives

A

— -1
0, =B Z" (zZIIgZ") ", (6)
where H_é =1, - ST(SST)"1S projects onto the complement of the informative-feature row space.

This coefficient captures finite-sample correlation between the barcode design Z and the centered
label noise E. It vanishes in the infinite-data limit since z and & are uncorrelated.

We now calculate the effect of a post-hoc deletion of the barcode block. To do this, we consider the
model § = Oys instead of § = Oys + O,z This intervention reduces prediction risk by

AR =E|ly 0y~ 0.2 ~Elly Oyl = Tr (2e) —L for n-r>d+1, ()
where the expectation is over both the training set (X, Y ), on which the estimators depend, and
a fresh test point (x, y). This expression is equivalent to the variance that a d-dimensional linear
regression with Gaussian covariates accumulates when fitting pure noise with n — r effective samples.
The condition n — r > d + 1 requires that the barcode dimension of the local model sit below the
effective sample count; it does not constrain the total parameter count of a larger model. In Fig 6B,
we depict the reduction in prediction risk, resulting from barcode deletion, over the full range of label

I'This procedure is not the same as deleting the barcode before fitting. Using both S and Z allows predictive and barcode
features to compete, as both are correlated with the corrupted training labels in the finite-sample regime.



flip probability Pg;,. We observe good agreement between the theoretical prediction, Eq (7), and
numerical simulations.

Crucially, equation (7) assumes a clean separation between the informative and barcode directions,
but Fisher projection on a real network operates in the empirical eigenmodes of the local feature
covariance, where the two can mix. When an informative feature has population variance u> below
the spectral separation threshold 1 + /d/(n — r), its empirical eigenvector merges into the barcode
bulk [42]. In this case, discarding low-eigenvalue directions sacrifices predictive information as
well as memorized noise. Whether a finite-rank intervention benefits then depends on the regime.
At low flip rates, the prediction-risk curve is monotone in retained rank and full rank is best. At
higher flip rates, on the other hand, an interior-optimal rank emerges, set by the trade-off between
memorization variance and informative-feature leakage. Fig 6C depicts this transition in the linear
model; Appendix C.3 develops the partial-overlap theory underlying the solid curves.

6 Discussion and Outlook

Across a range of settings, our work shows that the memorized and generalized information within
a neural network is separated by its Fisher geometry. In particular, retaining only the top of the
eigenspectrum of the Fisher in certain layers induces de-memorization. Our findings suggest a
picture of memorization which is both diffuse and localizable: single-layer interventions allow us
to de-memorize noisy samples without degrading task performance on structured data, but we also
observe an accumulation of layerwise phenomena in the Fisher information of the entire model.

Prior work has shown that adversarial competition exists between memorizing and generalizing
circuits when language models are trained to perform in-context learning [33, 43]. Our work suggests
that, in some cases, de-memorization can improve generalization without the need for retraining.
Interference between the model’s memorizing and generalizing components seem to “hide” its full
generalization capacity: by projecting out a certain fraction of components, we improve performance
on tasks which benefit from generalization.

At the scale of the entire network, we find that the Fisher-geometric signature of memorization
exhibits a strong data-dependence: it is easier to disentangle memorization from generalization when
the Fisher is computed on a denoised version of the training data. The collapse of this disentanglability
occurs in particular layers of the network, rather than within each layer.

We remark on two surprising features of the above phenomena from the perspective of information
geometry. First, we have related memorization to a linear decomposition of parameter space. Second,
we identify memorizing/generalizing subspaces by means of a local geometric quantity (the Fisher),
but the projection procedure we perform is a non-local transformation: zeroing out eigenvectors
can cause large perturbations to the network’s parameters. Prior work on loss-landscape geometry
suggests that, in high-dimensional optimization problems, many soft directions exist in which
large parameter-space perturbations correspond to small function-space perturbations, forming a
so-called hyperribbon [44]. One possibility is that the nonlocal projection operation in parameter
space corresponds to a small perturbation in the space of models. We leave an investigation of this
possibility to future work.

Our results should be interpreted as an exploration of the geometric structure of memorization and
generalization, not as a scale-independent prescription for model editing. Our empirical analysis uses
ResNet-20 classifiers on CIFAR-10 variants and small transformers trained on synthetic in-context
regression. The layerwise separation we observe may change qualitatively in larger models. Our
vision experiments focus on simple object classification with controlled inputs and label noise; other
data modalities may induce different forms of memorization—particularly when the memorized
content is semantic, compositional or distributed across examples. We also emphasize that our
analysis ignores cross-layer correlations, which may contribute meaningfully to memorization.

Our work contributes to a growing body of research which supports the possibility of “intelligent yet
ignorant” models: models which can reason, but which have no knowledge of particular information.
In particular, we have provided a number of examples where learning a task and memorizing data can
be decoupled, and we demonstrate a geometric mechanism for this decoupling.
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A Additional Experimental Details

A.1 Model Training

We train all Resnet-20 models for 200 epochs with an initial learning rate of 0.1, and quench the
learning rate by a factor 10 at epoch 100 and epoch 150. We use a batch size of 128 and train the
models using SGD with weight decay 10~ and momentum 0.9. Each model is trained on a single
GPU. The model training requires 1-2 GPU hours, and the Fisher projection experiments require ~12
GPU hours per model on an 80GB GPU. We are careful to re-estimate batchnorm parameters after
each projection.

The transformer used in section 3.3 is a standard GPT-2 style transformer with learned positional
embeddings, hidden dimension 32, and consists of three transformer blocks and a linear embedding
from the regression dimension to the hidden dimension. We use 8 attention heads in each block, and
dropout 0.1. We generate sequences of 20 (x, y) pairs at training and test time, and x € R.
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B Supplemental figures

In Fig 7 we show projections for all layers in the input-noise setting. In Fig 8, we show all transformer
blocks for our ICL setting. In Fig 9 and Fig 10, we show projections for all layers in the label-noise
setting, both for a clean Fisher and the Fisher of the full training set. In Fig 11 we show the results
of control experiments in which we project models iteratively onto an alternative basis to the Fisher
eigenbasis.

Per-Layer Fisher Projection — Accuracy (Averaged Over Models)
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Figure 7: Layerwise Fisher projection experiments for the input-noise case.
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16



et et

layer1.0.conv2.

layerL.1.convi

ayeriocoma
o
<o
I : | 4
! \ 1
5 = 7 = ) 3 £ 7 = ] = 7 = T =
yari1.coma ayeriz.coma yari2.coma ayerzocoma
iw
|
of | |
\ 1y \
s \
ayerz.o.conv2 - ayerz.t.conv2 —
<oa
i
7 o o CO 7 £ o C3 5 £ o C3 5 £ e G C3
ayerzz.coma ayers.ocoma p .
10
i“
o
- .- ———.
5 o o - R R R N R R R R ]
ayera.t.conv2 wyers.z.conva near
10
o
“oa
o
R NN - B I T I = R R e B P

Figure 10: Fisher projections for every layer, in the noisy sample setting.

Subspace dmension

of the full training set.

Subspace dmension

Subspace dmension

B
Subspace dmension

Fisher computed on a subset

A) Input noise, conv1l B) Label noise, convl C) Label noise, layer3.2.convl
1.0 9 1.0 9 1.0
X
0.8 /_’ 0.8 0.8
B & B
9 19 9
£ 06 £ 06 £ 06
1 S S
g g g
E E E
B 044 3 0.4 2 0.4+
& & &
0.2 0.2 0.2
= Fisher
ight SVD
ted
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Gaussian accuracy (memorization) Flipped-label accuracy (memorization) Flipped-label accuracy (memorization)
D) Input noise, convl — random E) Label noise, convl — random F) Label noise, layer3.2.convl — random
1.0 9 1.0 9 1.0 9
0.8 0.8 0.8
2 0.6 4 2 0.6 4 2 0.6 4
g g g
3 3 3
£ 04 £ 04 £ 04
0.2 1 0.2 0.2
7 — Train J —— Clean train —— Clean train
=+ Gauss =+ Flipped — + Flipped
0.0 il 0.0 Lcaa 0.0 L
T T T T T T T T T T T T T T T T T T T T
50 100 150 200 250 300 350 400 50 100 150 200 250 300 350 400 107 10! 10% 10% 10t

Subspace dimension k

Subspace dimension k

Subspace dimension k

Figure 11: Control experiments for A)-C) SVD compression and D)-F) random basis projections.

17




C Barcode model derivations
Here, we derive the results stated in §5. We use the same notation as in the main text, X = [;] s

Y=DyY+Eand g = I, - ST(SST)~'S. We write £, = diag(aj(1 —17}),...,a7(1—17;)) for the
noise covariance defined in Eq (5).

C.1 Estimating block coefficients

We obtain the estimators for the block coefficients by minimizing the squared loss

(04,6, = (éniél : L(©,,0,) where L(0,,0,) =Y -0,S-0,Z|3%. (8)
At fixed ©,, the optimal signal block reads
05(0;) = (Y - ©,2)sT(ss)™". )
Substituting this expression in the loss yields
L(04(0,),0;) = ||(Y - 0, 2)IIg |} (10)

Equating its derivative to zero gives
(Y -0,2)13(zI13)T =0. (11)
When ZH§ has full row rank d (i.e., n—r > d), this equation admits a unique solution
O, =Ygz " (zZNIgZz") ' = ENgZ" (ZNgZ")™", (12)

The last equality results from the fact thatY = D,U = DaDlle and STIg = 0. Hence, we have
derived Eq (6).

C.2 Risk reduction from barcode deletion

We now derive the risk gain in Eq (7),

AR =E ||y — Oy5 - 0.z]]> - E ||y - Oys]? (13)
=E[-2(y — O,5)70.z] + E[||©.z]|’] (14)
=E[|16,]%]. (15)

where the expectation is over the training set (X,Y) and a fresh test point (x, y). In the above, we
used the fact that the test barcode z is independent of all other random variables with E[z] = 0 and
E[zz"] = 1,.

We evaluate this expression in two steps. First, we condition on the design (S, Z) and average over E.
Substituting Eq (12) in Eq (15) yields

AR =TrE [ENgZ7 (zNzZ") N (zNIgZ") ' ZgET] (16)
=TrE[E[E"E | S, Z]3ZT (zgZ") N (zNgZ") "' ZIIg ] (17)
=Tr(Z¢) TrE [(ZTgZT) 7. (18)

=T=

In deriving the above, we use E[E'E | S, Z] = Tr(Z¢) 1.

Second, we average over the Gaussian barcode Z. The projection ITg zeros out the r signal rows,
leaving m = n — r degrees of freedom. Since Z has iid zero-mean, unit-variance Gaussian entries,
independent of S, the matrix Zl'I§ZT follows a Wishart, (14, m) distribution? For m > d + 1, the

inverse-Wishart mean gives E[(ZH_#ZT)’I] =13/(m—d-1) (see, e.g., Ref [45]). It immediately

follows that 4
AR =Tr(Z,)
&)

_— 1
r—-d-1’ (19)

which concludes our derivation of Eq (7).

2To see this, let U € R have orthonormal columns spanning the range of I, so Ilg = UUT. Then ZIIgZ" =
(ZU)(ZU)T and ZU € R¥*" has iid standard Gaussian entries.
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C.3 Partial-overlap prediction MSE

The risk gain in Eq (7) assumes clean separation between signal and barcode directions. The residual
barcode covariance has upper sample-bulk edge (1++/d/(n — r))?, while a signal coordinate separates
from that bulk only when its population variance satisfies ,u? > 14+4/d/(n — r). Below this population
threshold, empirical eigenvectors mix signal and barcode directions, and the projection rank K trades
off signal loss against noise removal [42].

Let XXT/n = Y Au® )T with (u®)Tu® = 6 and A; > A > ..., and Px =
Sk @ ®)T. The full estimatoris © = @ +EXT (XX ™)', where ®; = D DD, (I Orxa)
is the infinite-sample coefficient on corrupted targets. The post-hoc projected predictor is § = OPxx.

We define the cumulative alignment A;(K) = X< K(ul(k))2 and barcode alignment g; =

Zl>r(ul(k))2. Averaging over the fresh test point and the noise E, conditional on X, gives the
per-coordinate prediction MSE

1 A 2
R(K|X) = ~E [”y - OPkx|" | X]
1< aj - =yT T\-1 ’
= - >E|[L(x-7Pkx); - [EXT(XXT) PKx]j | X
I = Hj
1< a% - 2 1 =vT Ty-1 2
=—Z—2E[(x—n,-[PKx])j|X]+—E[||:X (XXT) ' Py |X]
r =1 M5 r
J
1< a% 2 2 2 (k) (k') ( (k K
:;Z_z Wi =254, (K) + 175 Z w; ' u; )Tz, u®)
=1 Mj k.k'<K
Tr(Z N Ts  uk)
- 2 ‘f)z(” ) Zxu (20)
rn k<K /lk
a 2 2 2 )< 2 0 2
= _2_2 #j_zﬁjlujAjj(K)'i'ﬁj Z[PK]jlﬂl + Z [PK]J'I
= I=1 I=r+1
Tr(Z Ty k)
» ) D (W) Zu @1
Mmoo og<k Ak
where X, = diag(,u%, ... u2,1,..., 1) is the population feature covariance. The cross-term vanishes

since E[E | X] = 0. The variance term uses Px (XX7) ™' = n7! Sy ;1™ ()T,

The first term contains off-diagonal overlaps (Pk);; with [ # j, which are second-order small
when X, is diagonal and the empirical eigenvectors concentrate near coordinate axes. Setting these
off-diagonal terms to zero and using the idempotence of Pk to replace ;s , (PK)fj by A;;(K)(1 -

AJJ(K)) giVCS

22

|- i ,  a%i Tr(Z¢) )T, 00

Raiag (K) == > |a3 (1 = 71;A;;(K))” + =57 Aj;(K) (1 - Aj;(K)) | + £ > —.
ri= I o<k Ak

(22)

The first term in the square brackets is the squared mismatch between the clean target and the
partially-projected shrunk predictor. The second is a mixing penalty from eigenvectors that partially
align with signal coordinate j, amplified by 1/ ,u? for sub-threshold signals; it peaks at A;; = % and
vanishes when each eigenvector is a pure coordinate axis (in which case A;; = 1). The final term
outside the square brackets is the noise variance retained by the projection.

An interior optimal rank requires heterogeneity or mixing. In the ideal separated limit, the retained
eigenvectors are pure signal or pure barcode directions, so the mixing penalty vanishes and the
optimal rule is to keep the signal directions and discard the barcode directions. Below the separation
threshold, increasing K simultaneously recovers signal and admits noise; the optimum balances the
two.
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D Single-Sample Experiments

D.1 Model accuracy in single-sample projection experiments

Table 2: Bulk accuracy after sample projection. All accuracies are percentages. BatchNorm is reset
after each projection and recalibrated by cumulative averaging on equal batches of 250 images. The

k = 0 column is the matched unchanged-weight BatchNorm control.

Gaussian model Noisy-label model (10% noise)
k=0 k=1 k=2 k=4 k=9 k=0 k=1 k=2 k=4 k=9
Fisher source CIFAR-10 Fisher source uncorrupted

CIFAR-10 train (5k samples) 100.0 99.9 999 999 99.8 CIFAR-I10 train (5k samples) 100.0 100.0 100.0 99.9 99.9
CIFAR-10 test 843 839 837 834 83.1 CIFAR-10 test 73.4 73.1 73.0 727 723
Gaussian set 100.0 100.0 100.0 100.0 99.9 Corrupted CIFAR (assigned labels) 100.0 100.0 100.0 99.9 99.8

Corrupted CIFAR (true labels) 00 00 00 00 0.1

Same-class CIFAR (1k samples) 100.0 99.3 99.1 989 98.7 Same-class CIFAR (1k samples) 100.0 99.9 99.8 99.5 99.1

Fisher source Gaussian Fisher source corrupted

CIFAR-10 train (5k samples) 100.0 100.0 100.0 100.0 100.0 CIFAR-10 train (Sk samples) 100.0 100.0 100.0 100.0 99.9
CIFAR-10 test 843 84.0 839 83.8 834 CIFAR-10 test 734 732 730 728 724
Gaussian set 100.0 98.4 96.1 90.5 75.6 Corrupted CIFAR (assigned labels) 100.0 100.0 100.0 99.9 99.8

Corrupted CIFAR (true labels) 00 00 00 01 0.1

Assigned-label class (1k samples) 100.0 100.0 100.0 100.0 99.9  Assigned-class CIFAR (1k samples) 100.0 99.9 999 99.8 99.7
Source-class CIFAR (1k samples) 100.0 100.0 100.0 100.0 100.0 True-class CIFAR (1k samples) 100.0 100.0 100.0 100.0 99.8
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