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1 Abstract

Deep neural networks often achieve state-of-the-art per-
formance by relying on substantial parameter counts,
which can make training and deployment costly in mem-
ory and compute. Pruning aims to reduce this redun-
dancy by removing parameters that contribute little to
the model’s predictions. This paper proposes a novel
mid-training pruning scheme that uses the Fisher Infor-
mation Matrix (FIM) and gradient directions to iden-
tify removable parameters while training is still ongoing.
Rather than pruning only after convergence, this method
interleaves optimization with pruning by estimating pa-
rameter importance via efficient estimation of an aug-
mented FIM and progressively mask low-score weights as
learning continues. This produces a sparsity trajectory
that adapts to the model’s evolving sensitivity, enabling
earlier and more aggressive compressions with reduced
performance loss. This paper benchmarks the approach
against unpruned baselines, evaluating final accuracy,
training stability, and find that augmented FIM based
mid-training pruning better preserves accuracy.

2 Problem Definition

Let F4 be the set of neural networks {fy|6 € A} with
architecture 4. The objective of neural network pruning
/ compression as used in this report is to find a function
g : A — Asuch that Ly, (Xpest) = Ly, (Xtest) with g
being as restrictive as possible.

3 Related Works

The theoretical basis of Fisher Information based prun-
ing stems from LeCun’s 1990 paper ”Optimal Brain
Damage” which approximated the change in loss 6L
caused by pruning a parameter as a function of the Hes-
sian diagonal [I]. This was generalized by Hassibi and
Stork in ”Optimal Brain Surgeon” which accounted for
off-diagonal Hessian elements to update the remaining
weights [2].

While these are successful methods, they require es-
timating the full Hessian and thus are computationally
expensive with O(d®) time complexity. Consequently,

much of the subsequent literature deals with formulat-
ing efficient approximations of the Hessian, commonly
utilizing the Fisher Information Matrix of parameters
under the assumption that the model is near convergence
(where H ~ 7).

Martens and Grosse introduced Kronecker-Factored
Approximate Curvature (K-FAC) for optimization,
which Wang et al. (2019) adapted for pruning in Eigen-
Damage. By approximating the FIM as a block-diagonal
matrix where each block corresponds to a layer’s weights,
they enabled pruning that respects the correlation within
layers [3].

A breakthrough in efficiency was proposed by Singh
and Alistarh with WoodFisher. They utilized the Wood-
bury matrix identity to incrementally estimate the in-
verse Hessian (or Fisher) using a limited number of gra-
dients. This allowed for accurate one-shot pruning of
large ResNet models, outperforming magnitude-based
baselines by a large margin [4].

Direct applications of Fisher Information for channel
and weight selection have seen success in computer vision
applications. Fisher Pruning formulated a greedy prun-
ing metric based on the expected increase in loss approxi-
mated by the Fisher information, applying it successfully
to dense networks for gaze prediction [5]. More recently,
Group Fisher Pruning extended this to coupled channels
in residual networks like ResNets and DenseNets, uti-
lizing a unified metric to prune entire structures while
maintaining gradient flow [6].

Kurti¢ extended the WoodFisher framework to Trans-
former architectures, demonstrating that second-order
information is critical for pruning attention heads with-
out large degradations in accuracy [7].

Recent a method called RAHP which was submitted to
ICLR 2026 combined Fisher Information with other met-
rics (such as CLEVER scores) to prune attention heads
in a way that preserves not just accuracy, but also the
robustness of the model[§].

All of the aformentioned frameworks mainly work with
the individual elements of the FIM and thus fail to cap-
ture how cross-parameter interactions effect the perfor-
mance of the model. Additionally, FIM can be used
to manufacture informative linear maps of a layer to
capture more of the information than magnitude based
methods of the same sparsity level.



4 Fisher Information Based In-
termediary Pruning

The compression of deep neural networks can framed
as an optimization problem on a Riemannian manifold.
Let M = {pg(x) € R?} be the manifold of probability
distributions parameterized by the network. The Fisher
Information Matrix (FIM), F'(6), defines the Riemannian
metric on M.

Already existing methods solve the following trace
maximization problem to find a projection P € R**F:

max Tr(PTF(0)P) (1)

This formulation assumes that parameter importance is
equivalent to local sensitivity of the training loss func-
tion. However, this equivalence does not exist when the
current parameter 6, is distant from the optimal 6*. In
such regimes, the ”importance” of a parameter must ac-
count also for its utility in reducing the training loss and
hence the gradient. This paper introduces a method to
incorporate the learning objective into the pruning strat-
egy.

4.1 Pruning Objective

Let 0* be the optimal parameters for a model. The prun-
ing loss £, can be decomposed as:

L, = —Tr((PTFP)) + A||(T - PPT)(0" - 6|5 (2)

Standard Fisher pruning minimizes the first term
(which turns out to be the Cramer-Rao Lower Bound)
whereas this paper’s objective is to minimize the
weighted sum.

4.2 Augmented Fisher Matrix

The true difference A0 = 6* — § is unavailable. To ap-
proximate it, a vector v is defined as the natural gradient
direction required to move the current parameters 6; to-
ward the optimal parameters 8* on a validation set D,q;.

Definition 1.

v 2 FIVeL(0; Dyat) =~ (0 — 6,) (3)

After this definition, a projection P is seeked that pre-

serves the curvature while simultaneously minimizing the
projection error of the vector v.

L(P) = -Tr(PTFP)+ \||(I - PPY|[7.  (4)

Here the second term penalizes losing the correction

term v. The norm || - |||% is the metric induced norm
2T Fz.

Theorem 1. Minimizing the loss L(P) is equivalent to
performing PCA on the augmented Fisher Matriz F':

F=F+\gg") (5)

where g = VoL(0; Dyar) is the Euclidean gradient on the
validation set.

However, directly forming F is computationally in-
tractable. A scoring method that leverages the K-FAC
structure of F' to approximate F efficiently is useful here.

4.3 Kronecker-Factored
Curvature

Approximate

The Kronecker-Factored Approximate Curvature as-
sumption is utilized, accordingly the FIM for a layer is
approximated as [3]:

Fr~A®G (6)
where A = E[zzT] is the input covariance and G =
E[V,LV,LT] is the gradient covariance.

4.4 Efficient Calculation of Scores

The first step is to compute the eigendecomposition of
the K-FAC factors on the training set:

A=QaNAQ%
G = QcAcQE

(7)
(8)

The eigenvectors Q 4 @ Q¢ form the natural basis of the
layer.

Then the mean gradient matrix is computed J =
Evai[Vw L] for the layer. This gradient is rotated into
the natural basis:

J =Q&TQa (9)
Each entry jij represents the magnitude of the bias cor-
rection required for the interaction between the i-th out-
put mode and j-th input mode.

At the end, the eigenvalues of F are approximated
by the sum of the Fisher eigenvalues and the projected
gradient energy. For each index pair (4, j):

Sii = g, Aay) + ANTij)? (10)

The final method is to fist compute S;; for all po-
tential connections. Then select the top-k indices (4, 7)
and construct the compressed layer using the selected
eigenvectors and the corresponding rotated weights. In
experiments, it turned out that using the gradients g to
calculate v is too noisy for ResNet20, thus the momen-
tum my is taken from the optimizer and used in place of
qg.
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Figure 1: LeNet5 on FashionMNIST. We prune 10% of the connections at each epoch, retaining only around 12%
of the connections at the end. The red benchmark is the unpruned network. The mean and standard deviation are
calculated over 10 runs. The optimizer of choice is Adam [9]. n = 0.001. A = 0.1

5 Results

The proposed method has only one hyperparameter, A
which the method is very insensitive to. Below, you can
see the hyperparameter search and training results for
LeNet5 on the Fashion MNIST dataset and ResNet20
on CIFARI10.

5.1 LeNet5 on FashionMNIST

Figure 1 illustrates the performance of the LeNet5 ar-
chitecture trained on the FashionMNIST dataset, com-
paring the proposed Fisher-based intermediary pruning
method against an unpruned baseline [I0]. In this exper-
iment an aggressive pruning schedule where 10% of the
active connections are removed at each epoch is utilized.
Consequently, the final model retains approximately 12%
of its original connections. To ensure statistical robust-
ness, the reported metrics represent the mean and stan-
dard deviation calculated over 10 independent runs.

The training dynamics, shown in Figure 1, demon-
strate that the pruned model achieves a consistently
lower training loss compared to the unpruned net-
work. Despite the continuous removal of parameters, the
pruned trajectory (cyan) drops below the unpruned base-
line (blue) early in the training process. This indicates
that the Fisher-guided removal of weights effectively re-
duces redundancy without hindering the model’s ability
to fit the training data.

In terms of generalization, Figure 1 reveals that the
pruning strategy preserves test accuracy. The pruned
model outperforms the unpruned baseline throughout
the 20 epochs and achieves a final accuracy that is com-
petitive with, and at points higher than, the fully con-
nected network. This result validates that the method

successfully identifies and retains the most informative
parameters while not hindering further training, allowing
for significant compression without performance degra-
dation.

5.1.1 Sensitivity to A

Running a hyperparameter search in A € [0.01,0.5], it is
seen that the peak test accuracy is almost independent
with A. This shows that in averse compression rates,
very weakly bleeding the displacement vector g into the
augmented FIM suffices.

5.2 ResNet20 on CIFAR10

Figure 2 presents the results for the ResNet20 archi-
tecture trained on the CIFAR10 dataset [II]. For this
deeper architecture, a more conservative pruning sched-
ule was adopted, removing 5% of connections at each
epoch to retain approximately 21% of the total con-
nections by the end of training. Due to the noise ob-
served when using raw gradients for this architecture,
the method was adapted to use the optimizer’s momen-
tum m; in place of the gradient g for the natural gradient
approximation.

The training loss trajectory mirrors the trend seen in
LeNet5, where the pruned network (cyan) achieves a sig-
nificantly lower loss than the unpruned baseline (blue).
This highlights that the pruned model converges to a
tighter fit on the training data.

While the pruned model remains competitive, reaching
approximately 85% accuracy, the discrepancy between
the superior training loss and the slightly degraded test
accuracy suggests that the remaining parameters may be
overfitting to the training distribution.
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Figure 2: ResNet20 on CIFAR10. We prune 5% of the connections at each epoch, retaining only around 21% of
the connections at the end. The red benchmark is the unpruned network. The mean and standard deviation are
calculated over 10 runs. The optimizer of choice is Adam. n = 0.1. A = 0.25

5.2.1 Sensitivity to A

Unlike in LeNetb, residual connections improve the im-
portance of using the augmented FIM rather than the
naive FIM. The residual connections are very prone to
early deletion by the FIM whereas the Agg” term makes
sure they survive the early epochs. However, gradually
as the model starts to cenverge, the residual connections
become informative enough. Due to these reasons, a
higher A is needed for ResNet20. The optimal value is
found to be at A = 0.25 however higher values also work
well.

6 Discussion and Conclusion

This study introduced a novel intermediary pruning
framework that leverages the Fisher Information Matrix
(FIM) augmented by a gradient correction term. By in-
terleaving optimization with pruning, the method aims
to identify and retain parameters that are critical not
just for carrying information for the training loss, but
also for facilitating the trajectory toward the optimal
solution.

The experimental results validate the performance of
this approach across different architectures. For the
LeNet5 model on FashionMNIST, the method success-
fully removed approximately 88% of the conections while
matching or exceeding the test accuracy of the fully con-
nected baseline. This confirms that for moderate-scale
networks, the augmented Fisher Matrix successfully cap-
tures a better subset of weights than standard magnitude
based baselines do, allowing for aggressive compression
without performance degradation in subsequent training
stages.

However, the application to deeper architectures like

ResNet20 on CIFARI0 highlighted distinct challenges.
While the method achieved superior training optimiza-
tion shown by the significantly lower training loss com-
pared to the unpruned baseline, it exhibited a gener-
alization gap in test accuracy. This behavior suggests
that the aggressive compression of the model may lead
to the removal of ”compensating connections” that pre-
vent the model from learning the noise. Furthermore, the
necessity of substituting the raw gradient g with the op-
timizer’s momentum m; to mitigate noise indicates that
accurate estimation of the natural gradient direction re-
mains an important task.

In conclusion, Fisher-guided intermediary pruning of-
fers a promising mechanism for model compression, par-
ticularly in reducing parameter count without compro-
mising future training accuracy. Future work may fo-
cus on refining the natural gradient augmentation poten-
tially through improved regularization or adaptive spar-
sity schedules.
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