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Abstract

Latent representations that exhibit geometric structure are central to robust and generaliz-
able learning. While such geometry often emerges incidentally, previous work has attempted
to enforce it through regularization or architectural changes. In this work, we propose the
Noise-Injected Hopfield Retrieval (NIHR) layer, a differentiable module that injects Gaus-
sian noise into the update dynamics of Modern Hopfield Networks to actively shape latent
space geometry. By controlling the number of retrieval iterations and the inverse tempera-
ture, NIHR enables a tunable transition between discrete attractors and smooth continuous
manifolds. When integrated into autoencoding and classification pipelines, NIHR consis-
tently improves robustness to corruptions, latent structure quality, and linear separability.
Our results suggest that NIHR provides an effective mechanism for imposing meaningful
geometric inductive biases in neural representations without auxiliary loss functions.
Keywords: Representation learning, Structured representations, Hopfield networks, At-
tractor dynamics, Robustness

1. Introduction

Representation learning seeks latent spaces whose geometric structure supports reasoning,
robustness, and sample efficiency (Bengio et al., 2013). Empirical evidence suggests that
such structure can emerge spontaneously. For example, class means tend to collapse in
late stages of training (Papyan et al., 2020), and both human and neural representations
exhibit characteristic power-law decay in their eigenspectra (Agrawal et al., 2022). These
observations indicate that latent geometry often arises incidentally, motivating approaches
that aim to shape it more explicitly.

A variety of methods aim to impose geometric structure on latent spaces. Local-
sensitivity control includes contractive autoencoders (Rifai et al., 2011) and spectral or Lip-
schitz regularization for robustness (Jakubovitz and Giryes, 2018; Cisse et al., 2017). Other
approaches introduce latent-space objectives or priors, such as disentanglement (Higgins
et al., 2017), contrastive alignment (Chen et al., 2020), discrete codebooks (Van Den Oord
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et al., 2017), and hyperspherical embeddings (Davidson et al., 2018). Associative memory
models offer a complementary dynamical view. Modern Hopfield Networks (Hopfield, 1982;
Krotov and Hopfield, 2020; Ramsauer et al., 2020) contract representations through attrac-
tor dynamics, providing robustness (Krotov and Hopfield, 2018), and recent work shows
that even spurious attractors can aid generalization (Pham et al., 2025; Kalaj et al., 2024).

We build on this perspective by introducing noise-injected Hopfield dynamics as a mecha-
nism for explicitly shaping latent geometry. Our Noise-Injected Hopfield Retrieval (NIHR)
layer inserts stochastic Hopfield iterations between neural network layers, with iteration
count and inverse temperature controlling the degree of contraction, ranging from discrete
attractors to smoother continuous manifolds. Unlike generative latent dynamics methods
such as score-based priors (Vahdat et al., 2021), energy-based regularizers (Pang et al.,
2020), or latent diffusion (Rombach et al., 2022), NIHR is designed for discriminative
pipelines and requires no auxiliary loss terms.

We evaluate NIHR on autoencoding and classification tasks using CIFAR-10, MNIST,
and their corruption benchmarks (CIFAR-10-C (Hendrycks and Dietterich, 2019) and MNIST-
C (Mu and Gilmer, 2019)). Across metrics including corruption accuracy, linear separabil-
ity, and PCA organization, our results show that injecting Hopfield dynamics consistently
shapes latent representations into more stable and robust structures.

2. Method
2.1. Noise-Injected Hopfield Dynamics

We formulate a stochastic Hopfield update that introduces noise-driven attractor dynamics
into latent representations. Given a set of unit-norm memory vectors {e; }2_; with ||e;||2 = 1
and memory matrix C = [e1,...,ep| € RP*P the query vector z; € RP is updated as
follows.

At each iteration ¢, Gaussian noise & ~ N(0,02Ip) is injected and the perturbed vector

is normalized to unit norm:

5 = 2+ &
1zt + &ell2

The Hopfield update then performs soft retrieval over the memory with inverse temperature
B> 0:
241 = C softmax (6 CTét). (1)

This process corresponds to (noisy) gradient descent on the Modern Hopfield energy
function (Ramsauer et al., 2020):

P
Enmn(2) = —; log > exp (5 ZTez‘) ~ (2)
i=1

When o = 0, the energy decreases monotonically, yielding convergence to discrete at-
tractors. For o > 0, the expected energy decreases up to O(SDa?), allowing stochastic
transitions between nearby basins. This mechanism enables the retrieval dynamics to ex-
plore the attractor landscape while maintaining stability, thereby facilitating the emergence
of continuous structure in representation space. Detailed analysis of geometry-induced con-
tinuous attractors is provided in Appendix C.
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2.2. Hopfield Retrieval Layer

We implement the above dynamics as the Noise-Injected Hopfield Retrieval layer (NIHR),
a general, differentiable module that can be placed between arbitrary layers in a neural
network. NIHR performs 7" steps of the noise-injected Hopfield update, as defined in Equa-
tion 1:

Zt+1 :HO—(Zt), tZO,,T—l

Each step refines the representation through content-based retrieval over a learnable
memory matrix, initialized randomly and updated via gradient descent. Noise perturba-
tions injected at each step enable exploration of nearby attractors, encouraging smooth
convergence toward robust patterns. This iterative refinement imposes local structure by
guiding representations toward energy minima shaped by the Hopfield memory. NIHR is
trained end-to-end with standard task losses and introduces no auxiliary objectives.

3. Experiments

3.1. Structural evolution under Autoencoder framework

We study NIHR as an intermediate layer that can be inserted between the encoder and
decoder in an autoencoder framework. We investigate how such Hopfield retrieval influences
the organization of latent structure, and how this in turn affects reconstruction robustness
and representation quality. All models are trained on the MNIST dataset using binary
cross-entropy loss for 1000 epochs with the Adam optimizer. We fix the latent dimension,
memory size, latent noise level, and retrieval sharpness, and use consistent hyperparameters
across all models (see Appendix E for details). NIHR is compared against three baselines:
a plain autoencoder (AE), a single-head VQ-VAE (Van Den Oord et al., 2017), and a VAE
(Kingma and Welling, 2013). All experiments are repeated with 5 random seeds, and mean
+ standard deviation are reported.

T=1 T=5 T=10 T=15

Figure 1: PCA projections of latents after different numbers of refinement iterations(T).
Progressive clustering illustrates the transition from diffuse to structured latent organiza-
tion.

To illustrate the effect of iterative refinement, we project latent codes onto their top
principal components after 7' = 1,5,10,15 steps (Figure 1). The progression reveals a
transition from diffuse to clustered organization, showing how refinement gradually sharp-
ens latent structure. Additional experiments on reconstruction fidelity and representation
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quality (e.g., linear probing) are presented in Appendix D, which further demonstrate that
NIHR provides explicit control over latent space geometry through its hyperparameters (3,
P, o), enabling a tunable trade-off between fidelity and robustness under corruption.

3.2. Robust Classification under Corruptions

We apply NIHR as a latent refinement layer within ResNet-18 to enhance robustness under
distribution shifts. The insertion point is determined empirically: after the first residual
block for MNIST and after the last residual block for CIFAR-10. Robustness is evaluated on
the corruption benchmarks CIFAR-10-C (Hendrycks and Dietterich, 2019) and MNIST-C
(Mu and Gilmer, 2019). CIFAR-10-C introduces a wide range of non-adversarial perturba-
tions across five severity levels, whereas MNIST-C applies diverse corruption types without
severity variation. All models are trained exclusively on the clean training sets of MNIST
and CIFAR-10, without augmentation or corruption. Classification accuracies on the cor-
rupted benchmarks are summarized in Table 1.

Table 1: Classification accuracy (%) on CIFAR-10-C and MNIST-C corruption benchmarks.

Dataset Model Clean (0) sl 52 s3 s4 s Overall
ResNet 99.47 + 0.05 72.13 +2.19
MNIST-C ResNet+NIHR 99.50 + 0.02 - - - - - 80.56 £ 2.2
CIFAR-C ResNet 84.78 £0.18 75.69+0.68 70.39+092 64.99+1.03 5851+1.21 48.98+1.04 63.71+0.96
: ResNet+NIHR  81.814+0.64 73.93+1.25 69.284+1.29 64.58+1.38 5873+1.38 51.00+1.94 63.50+1.31
CIFAR-C  ResNet 84.78 £0.18 70.10+£1.74 55.40+£2.93 41.91+4.14 36.36+4.63 31.931+4.86 47.14+3.53

(Gaussian) ResNet+NIHR  81.8140.64 72.81+£2.30 63.83+3.41 54.47+421 49.75+4.59 4599+475 57.37+3.63

Across CIFAR-10 and MNIST, NIHR consistently improves robustness to input cor-
ruptions. On MNIST, NIHR improves overall accuracy from 72.13% to 80.56% without
sacrificing clean performance (from 99.47% to 99.50%). On CIFAR-10, NIHR improve
performance on high-severity corruptions (e.g., +2.02% on s5). Notably, under CIFAR-10
Gaussian corruptions, NIHR substantially boosts accuracy across all severity levels, with
up to +14.06% at the highest level (from 31.93% to 45.99%), resulting in a +10.23% gain
in overall performance. These results demonstrate that NIHR enhances robustness to both
semantic and low-level perturbations while preserving generalization on clean data.

We also analyze how NIHR transforms intermediate representations during classification;
PCA visualizations in Appendix B show that attractor dynamics progressively organize fea-
tures into more coherent clusters, reducing intra-class variance and sharpening boundaries
between classes.

4. Conclusion

We introduced the Noise-Injected Hopfield Retrieval (NIHR) layer, which shapes latent
representations through stochastic Hopfield retrieval dynamics. Unlike methods that rely
on auxiliary losses or architectural changes, NIHR imposes geometric structure directly
by injecting controlled noise into the update process. This yields representations that are
both smooth and clustered, providing a tunable inductive bias that improves robustness to
corruptions and enhances linear separability. Overall, NIHR offers a simple and effective
way to equip discriminative models with explicitly structured latent spaces.
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Appendix A. Related Work

Shaping Latent Representations Many methods explicitly influence latent-space ge-
ometry. Some regulate local sensitivity, such as contractive autoencoders that penalize en-
coder Jacobians (Rifai et al., 2011) or spectral and Lipschitz regularization for robustness
(Jakubovitz and Giryes, 2018; Cisse et al., 2017). Others impose structural priors: disen-
tanglement objectives like S-VAE (Higgins et al., 2017), contrastive alignment—uniformity
formulations (Chen et al., 2020), or priors such as discrete codebooks (Van Den Oord et al.,
2017) and hyperspherical latents (Davidson et al., 2018). These approaches provide explicit
geometric control but typically rely on auxiliary losses or specified priors.

Associative Memory and Dynamical Perspectives Hopfield networks shape repre-
sentations through attractor dynamics: classical models (Hopfield, 1982) retrieve stored
patterns via energy minimization, leading to inherent robustness (Krotov and Hopfield,
2018). Modern continuous formulations reinterpret these dynamics through attention-like
update rules (Krotov and Hopfield, 2020; Ramsauer et al., 2020), facilitating their integra-
tion into deep architectures. While spurious attractors were traditionally viewed as unde-
sirable (Hopfield et al., 1983; Amit et al., 1987), recent work shows that they can, under
certain conditions, contribute positively to generalization (Kalaj et al., 2024; Pham et al.,
2025). This dynamical perspective also underlies related approaches such as score-based
priors (Vahdat et al., 2021), energy-based models (Pang et al., 2020), and latent diffu-
sion systems (Rombach et al., 2022), which similarly impose structure through iterative
latent-space dynamics.

Appendix B. Structural Evolution under Classification

We examined how intermediate representations on the training data evolve in ResNet-
18 when NIHR is inserted between layers. Compared to the baseline, NIHR produces
noticeably tighter and more structured class clusters, reflecting the contraction toward
attractor states introduced by its retrieval dynamics. These visualizations indicate that
NIHR stabilizes latent geometry during training and enhances class separation on both
MNIST and CIFAR-10, complementing the robustness gains reported in the main text.

MNIST w/o NIHR MNIST w/ NIHR  CIFAR-10 w/o NIHR CIFAR-10 w/ NIHR

Figure 2: PCA visualizations of intermediate training representations with and without
NIHR. NIHR induces tighter intra-class clusters and clearer inter-class separation on both
MNIST and CIFAR-10, reflecting the attractor-driven contraction of the latent space.
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Appendix C. Geometry-Induced Continuous Attractors
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Figure 3: 3D PCA of 5,000 queries after 10 noise-injected Hopfield updates (o = 0.05,
D = 64). Blue dots: queries, Red crosses: memory vectors. Varying 5 and P controls the
transition from discrete to continuous attractor dynamics.

To better understand the conditions under which continuous attractors emerge in Noise-
Injected Hopfield Dynamics, we analyze retrieval behavior under controlled geometric mem-
ory configurations. Specifically, we examine how the interplay between memory geometry
and inverse temperature 8 shapes the attractor landscape and influences its stability. We
fix the embedding dimension to D = 64, and evaluate retrieval over 7' = 10 noise-injected
updates (o = 0.05) using N = 5000 random queries with g = 10.

Two structured configurations are considered: (1) evenly spaced points on a 2D ring,
and (2) uniformly sampled points on the 3D unit sphere, both embedded into D dimensions
by zero-padding. With few patterns and high j, retrieval yields discrete attractors. For
instance, on the ring with P = 4 and 5 = 10, trajectories collapse into isolated basins
(Fig. 3(a)). As P increases, attractors merge into continuous manifolds: with P = 16 on
the ring, queries diffuse smoothly (Fig. 3(b)). On the sphere with P = 64 and g = 10,
diffusion extends across the surface (Fig. 3(c)), while increasing # to 100 restores sharp
convergence (Fig. 3(d)).

To assess stability, we compute the Jacobian J = a%; at convergence. Eigenvalues
capture local geometry: orthogonal directions contract (|A| < 1), while tangent modes
often remain marginal (|A| ~ 1), enabling diffusion. Occasionally, |A| > 1 signals local
instability. Spectral analysis confirms the discrete-to-continuous transition. For a ring with
P = 4, eigenvalues vanish (A} = 0), showing rigid basins. At P = 8, a soft mode emerges
(A = 0.637 £ 0.320), and at P = 16, marginal stability appears (A\; = 1.004 £ 0.001).
On the sphere, multiple continuous modes emerge: for P = 64, A\; = 0.749 £ 0.171, Ao =
0.438 £0.081, indicating drift along at least two directions. For P = 1024, both eigenvalues
grow toward unity, suggesting increasingly extended trajectories. By contrast, increasing
at P = 64 compresses the spectrum (A\; = 0.331 +0.071), suppressing drift.

Overall, continuous attractors emerge in Noise-Injected Hopfield Dynamics through the
interplay between memory geometry and thermodynamic precision. When memory patterns
are aligned with an underlying manifold, retrieval dynamics exhibit smooth transitions and
marginal stability. In contrast, high inverse temperature [ suppresses drift and enforces
convergence to discrete attractors.
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Appendix D. Robustness under Autoencoding Framework

This section investigates the robustness of different autoencoding models under input cor-
ruption, focusing on their ability to maintain reconstruction fidelity and representation
quality when presented with noisy inputs. We conduct controlled experiments on MNIST
with additive Gaussian noise of varying standard deviation o to simulate input degradation.
Two metrics are used: the structural similarity index (SSIM) for reconstruction quality, and
linear probing accuracy for assessing the discriminative power of learned representations.
For linear probing, encoders trained on clean data are frozen. Latent codes are extracted
from corrupted inputs, and a linear classifier is trained to predict class labels from these
codes.
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Figure 4: Evaluation under Gaussian input corruption. Left: SSIM scores for reconstruction
fidelity. Right: Linear probing accuracy for representation quality. Models include AE,
VAE, VQ-VAE, and NIHR with T € {1, 5,10, 15}.

On nearly clean inputs (o7 < 0.1), NIHR with 7" = 1 yields the highest SSIM, closely
matching AE behavior. Under increasing noise, NIHR with T = 5-10 consistently outper-
forms all baselines in both SSIM and linear accuracy. These results indicate a trade-off
controlled by the refinement step count 7T: small T preserves fine-grained details, while
larger T' contracts latent codes toward more robust prototypes. NIHR thus enables a tun-
able trade-off between fidelity and robustness, with T" = 5 providing a favorable operating
point across corruption levels.

D.1. Ablation on Hyperparameters (8, P, o)

Table 2 and Figure 5 together illustrate how the key hyperparameters—temperature (3,
memory size P, and injected noise c—shape NIHR, performance under Gaussian corrup-
tion. For the inverse temperature 5, PCA visualizations reveal distinct latent geometries.
At =1, latents collapse into a ring-shaped attractor with poor discriminability, leading
to steep SSIM and accuracy drops. Increasing to =5 spreads the latents more evenly,
similar to AE, preserving fidelity on clean data but only moderate robustness. At =10,
well-separated basins emerge, giving the best balance of fidelity and robustness (strong
SSIM at 07=0.3,0.5 and highest probe accuracy up to o;=0.5). At =25, latents collapse
into discrete prototypes, which improves robustness under heavy noise but reduces clean-
image fidelity. Varying the memory size P shows a complementary effect. Larger memories
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p=1 B=5 B =10 B=25

Figure 5: PCA projections of refined latents for different inverse temperatures (8 €
{1,5,10,25}) after T' = 10 iterations.

Table 2: SSIM and linear probe accuracy (%) under Gaussian corruption, varying inverse
temperature (), memory size (P), and injected latent noise (o). Mean over 5 seeds; best
in each column in bold.

SSIM Linear Probe Accuracy (%)
O'[IO.U 0']20‘1 0'[20.3 O'[=0.5 0’]21‘0 G‘[ZU.O 0’]2041 0'120.3 0'120.5 0'[:1.0

Setting / Model

Inverse temperature 3

B=1 0.4598  0.4586 0.4439  0.4014  0.2769 49.71 49.73 49.00 44.81 26.72
B=5 0.7376 0.7301 0.6274 0.4454 0.2338 88.52  87.97 7777 55.38 27.87
£5=10 0.6795 0.6764 0.6358 0.5189 0.2872 87.32 87.17 82.36 65.30 31.49
£8=25 0.5707  0.5695  0.5530  0.5046 0.3447  75.28 75.24 72.93 64.72 38.11
Memory size P

P=64 0.5952  0.5935 0.5800 0.5365 0.3566 82.19 82.23 81.07 74.41  43.64
P=256 0.6795 0.6764  0.6358  0.5189  0.2872 87.32 87.17 82.36 65.30 31.49
P=1024 0.7748 0.7657 0.6510 0.4494 0.2010 92.48 92.12 81.86 58.62 26.54
Injected noise o

0=0.0 0.7943 0.7457  0.4843  0.3208  0.1468 90.64 88.82 55.38 32.85 17.71
0=0.01 0.7795 0.7607 0.5887  0.3960 0.2163 91.93 91.09 70.69 42.31 24.47
0=0.05 0.6795 0.6764 0.6358 0.5189  0.2872 87.32 87.17 82.36 65.30 31.49
0=0.1 0.6478  0.6457  0.6307 0.5802 0.3890 87.66 87.49 85.01 76.24 44.16
Baselines

AE 0.8419  0.7774  0.5480  0.3974  0.2105 92.74 90.72 65.79 46.46 27.27
VAE 0.8475  0.7773  0.4631  0.2787  0.1162 91.24 88.12 49.39 29.69 17.69
VQ-VAE 0.5171  0.5100 0.3963  0.2851  0.2138 68.58 67.97 52.17 34.46 20.27

(P=1024) provide higher capacity, producing the best SSIM and accuracy on clean inputs,
but degrade quickly as corruption grows. Smaller memories (P=64) reduce peak perfor-
mance yet yield more stable accuracy under noise. Injected noise o during training plays a
similar role. Low noise (¢=0.0) favors fidelity, while higher noise (¢=0.05,0.1) lowers clean
scores but significantly boosts robustness once o;>0.5, consistent with smoothing of the
latent energy landscape.

Overall, these results reveal a consistent trade-off: large P and low ¢ emphasize recon-
struction fidelity, while small P and high o enhance robustness. The inverse temperature 3
acts as a knob that directly shapes latent geometry, with intermediate values such as 5=10
offering the best compromise.

10
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Appendix E. Architecture and Training Details

Environment. All models are trained for 1000 epochs using the Adam optimizer with
a learning rate of 10~* and binary cross-entropy loss. All experiments are conducted on
a single NVIDIA A100 GPU with a batch size of 100. The implementation uses PyTorch
2.7.1 with CUDA 12.4 (cul26 build).

Table 3: Fixed hyperparameters used across experiments.

Hyperparameter Autoencoding (MNIST) Classification (CIFAR-10-C) Classification (MNIST-C)
Latent dimension (d) 10 512 64

Memory size (P) 256 1024 1024

Latent noise std (o) 0.05 0.01 0.01

Retrieval sharpness (3) 10 10 5

Number of iterations (7' 5 5 1

NIHR insertion point After Encoder After layer4d After layer1
Number of seeds 0,1,2,3,4 0,1,2,3,4 0,1,2,3,4

Encoder/Decoder Architecture. The convolutional encoder and upsampling-based de-
coder used for MNIST are summarized in Table 4. Here, F' denotes the base channel width.
The latent dimension is fixed to d=10 for all models (AE, VAE, VQ-VAE, and NIHR).
For VQ-VAE, we set the codebook (memory) size to P=256 with single head. For both
VQ-VAE and VAE, the additional regularization terms (commitment loss for VQ-VAE, KL
divergence for VAE) are weighted with coefficient 1.

Table 4: Encoder and decoder architecture.

Encoder Output
Input: 1 x 28 x 28 -
Conv2d(1—F), stride=2 + ReLU Fx14x14
Conv2d(F—2F), stride=2 + ReLU 2F x Tx 7
Conv2d(2F—4F), stride=2 + ReLU 4F x 4 x 4
Flatten + Linear(4F -4 -4 — d) R4
Decoder Output
Linear(d — 4F - 4 - 4), reshape 4F x 4 x 4
Upsample to 7 x 7 + Conv(4F—2F) + ReLU 2F x 7x 7
Upsamplex2 + Conv(2F—F) + ReLU Fxl1l4x14
Upsamplex2 + Conv(F—1) + Sigmoid 1 x 28 x 28

11
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