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Abstract

In dynamic environments, robust representations and
memory mechanisms are important for continuous
learning and adaptation. In this study, we explore Mod-
ern Hopfield Networks (MHNs) as associative mem-
ory for incremental visual recognition. We propose
a memory-based framework built on a pretrained self-
supervised DINOv3 encoder with prototype-based or
exemplar-based memory. Memory is updated incremen-
tally and MHN-based refinement can optionally be ap-
plied to query embeddings before retrieval. For clas-
sification, we compare cosine similarity with MHN-
based attention scoring. The method is evaluated un-
der the OWOD split protocol using ground-truth ob-
ject regions. The observed trade-off between known
and unknown object recognition shows that the memory
dynamics play a critical role in balancing stability and
plasticity, where stronger associative retrieval improves
familiarity-based classification but reduces sensitivity to
novel or out-of-distribution inputs.

1 Introduction

Continuous learning in artificial intelligence is essen-
tial for real-world applications, where systems must au-
tonomously acquire new knowledge, adapt to dynamic
environments, and preserve previously learned informa-
tion (Parisi et al.}|2019). Biological systems serve as an
inspiration, since humans are capable of learning incre-
mentally and retaining stable representations over time
despite changing inputs. In practice, ANNs still strug-
gle with catastrophic forgetting, where new informa-
tion interferes with earlier representations (Wang et al.|
2023)). In vision systems, some biological ideas such as
stable representations and memory consolidation have
been used as motivation for incremental learning (Liu
et al.,|2019)), although the complete mechanisms are still
not fully understood.

To address this challenge, we explore Modern
Hopfield Networks (MHNSs) (Ramsauer et al., 2021) as
an associative memory mechanism for open-world per-
ception, combined with large-scale self-supervised vi-
sual representations. Our framework builds on a pre-
trained DINOv3 (Siméoni et al., |[2025) encoder for fea-

ture extraction and supports both prototype-based and
exemplar-based memory representations. This allows
different strategies for storing and updating knowledge
over time, depending on how much detail is preserved.

We investigate incremental visual recognition un-
der the OWOD (Joseph et al., [2021) protocol. The
model must continuously learn new object categories
while still recognizing both known and previously un-
seen ones. We assume ground-truth object regions are
available, so the focus is more on classification and
open-set recognition rather than detection.

Inspired by biological learning principles, we
try to balance plasticity and stability through explicit
memory updates and retrieval. The results indicate that
memory structure and update strategy may significantly
affect retrieval quality, classification accuracy, and
unknown class detection, though the effect varies
across settings.

Our contributions are as follows:

* We propose a unified memory-based framework
that combines MHN retrieval with self-supervised
visual representations for open-world recognition
under the OWOD split protocol using ground-truth
object regions.

* We provide a systematic comparison of prototype-
based and exemplar-based memory under incre-
mental update settings.

* We analyze the impact of MHN-based query re-
finement and classification on open-world visual
recognition.

2 Related work

Ramsauer et al.|[(2021) connect energy-based memory
models with modern deep learning architectures. They
revisit classical Hopfield networks by introducing con-
tinuous states. In this formulation, memory is repre-
sented as attractor states in an energy landscape.

The authors also show that Modern Hopfield Net-
works (MHNS) are closely related to the softmax atten-
tion mechanism used in transformer architectures. From



this perspective, attention can be interpreted as a form of
associative memory, where a query interacts with stored
key—value patterns. This makes MHNs a natural bridge
between energy-based models and large-scale represen-
tation learning.

In continual learning, these properties are particu-
larly relevant, as the main challenge is balancing sta-
bility of previously acquired knowledge with plastic-
ity for new information. Memory-based approaches are
commonly used to reduce catastrophic forgetting by ex-
plicitly retaining or aggregating past experiences (Ku-
dithipudi et al., [2022). From this perspective, MHNs
provide a natural mechanism for associative memory
retrieval, which can be interpreted as a computational
abstraction of similarity-based recall processes in cog-
nitive systems.

Similar ideas appear in prototype- and exemplar-
based representations. Prototype models compress ex-
perience into a central representation per class, while
exemplar-based models preserve individual instances
and rely on similarity-based retrieval over stored mem-
ories. Different granularity representations originate
from cognitive science as competing models of hu-
man categorization. Prototypes capture central tenden-
cies, while exemplars preserve instance-level variability
(Nosofsky, 1992). Rather than being fundamentally dif-
ferent mechanisms, more recent work suggests they can
be viewed as different regimes of a shared similarity-
based retrieval process (Smith} 2014).

This interpretation naturally aligns with Modern
Hopfield Networks. MHN’s operate over an energy land-
scape where stored patterns act as attractors. Depend-
ing on retrieval sharpness, the same mechanism can be-
have more like a compressed prototype system or a dis-
tributed exemplar system. MHN-based retrieval natu-
rally spans both regimes by operating directly on simi-
larity in representational space.

Despite these connections, the role of Modern
Hopfield Networks as an associative memory mecha-
nism in incremental open-world visual recognition re-
mains underexplored. In particular, it is not well
understood how memory granularity affects stabil-
ity—plasticity trade-offs in continual learning settings.
To investigate this behavior, we evaluate our method un-
der the OWOD protocol (Joseph et al., 2021). We fol-
low the standard split setup on the COCO dataset (Lin et
al.l 2014)), where object-level annotations are incremen-
tally introduced as new classes. This provides a test-bed
for continual learning with expanding label spaces and
varying memory representations.

3 Our method

Motivated by biological continual learning systems
that maintain both stable and adaptable representa-
tions through memory consolidation and incremental

updates, we propose a memory-based framework for in-
cremental visual recognition. The proposed approach
combines large-scale self-supervised visual representa-
tions with an associative memory mechanism. We use
a pretrained DINOV3 encoder for feature extraction and
a memory module parameterized as either class proto-
types or class exemplars. The pipeline consists of: (i)
feature extraction from object regions, (ii) supervised
memory construction from labeled support data, (iii) in-
cremental memory updates that allow new classes to
be integrated without retraining from scratch, and (iv)
open-world inference with optional MHN-based query
refinement and unknown rejection.

3.1 Memory Construction

Given an input image and corresponding object regions
(from annotations), each region is encoded using a pre-
trained self-supervised DINOv3 backbone (Siméoni et
all 2025). The encoder outputs a feature embedding
z € R4, which is L2-normalized before being stored in
memory:
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Let M = {(pj,cj)};yz”l denote memory support
items, where p; is normalized prototype or exemplar
embedding and ¢; its associated class label. We con-
sider two memory granularities:

Prototype-based memory. For each class, a fixed
number of memory items is initialized (e.g., k-means
centroids or selected examples).

Exemplar-based memory. Support embeddings
are stored directly without aggregation preserving
instance-level detail, though at higher memory cost.

This design reflects a trade-off between com-
pact semantic representation and fine-grained instance
preservation.

Memory is built from labeled support samples
grouped by class. For each class, support embeddings
are added to memory according to the selected represen-
tation strategy. Class-wise confidence statistics is main-
tained for open-set thresholding:

Te = Me — ko, (2)

where p. and o, are class ¢ confidence mean and stan-
dard deviation, and k is a tunable margin parameter.

These thresholds are later used for unknown rejec-
tion during inference.

3.2 Incremental Memory Update

To support continual learning, memory is updated incre-
mentally as new labeled samples arrive. In prototype-
based memory, updates follow a stability-preserving ex-
ponential moving average (EMA):



p < norm ((1 —a)p+ aZ), 3)

applied when similarity exceeds a predefined threshold
(update vs. append decision). In exemplar-based mem-
ory, new embeddings are directly stored without modifi-
cation. This improves continuous adaptation while pre-
serving past class representations.

3.3 Inference

At inference time, query embeddings can optionally
be refined using a Modern Hopfield retrieval step over
memory items (Ramsauer et al.,|[2021).

Given a query embedding Z and memory matrix
P, retrieval is computed as:

w = softmax(ﬁéPT), r=wP, )

where (8 controls the retrieval sharpness.
The query is then refined via interpolation:

zZ=morm((1 — Az + Ar), Q)

where A controls the influence of retrieved memory.
This step is optional and introduces an associative re-
call mechanism before classification, where two differ-
ent strategies are employed:

Cosine-based classification. The predicted class
is assigned using nearest-neighbor search in cosine sim-
ilarity space. This serves as a baseline.

MHN-based classification. Given a query em-
bedding 2, attention weights are computed as

w; = softmax(Bs;), s;=2"p; (6)

Class scores are obtained by summing attention
weights over memory items belonging to each class.
The predicted class corresponds to the class with the
highest aggregated score. The confidence is defined as
the normalized attention mass of the predicted class,
i.e., the fraction of total attention assigned to that
class. In this setting, the parameter m acts as a global
minimum-confidence threshold.

Following the open-world setting described ear-
lier, a prediction is accepted as known only if its con-
fidence score exceeds a class-dependent threshold (
and, in MHN mode, optionally a global minimum-
confidence term). Otherwise, the sample is assigned to
an unknown category.

4 Experiments

4.1 Dataset and Protocol

We follow the standard task-wise split setting (Gupta
et al., 2022) on the COCO dataset (Lin et al.l [2014),
with four incremental stages (¢t € {1,2,3,4}), and re-
port results on the corresponding test partitions. We

use ground-truth object bounding boxes as input regions
and do not evaluate object proposal or detection perfor-
mance. All methods are evaluated at the region level,
where each ground-truth object crop is treated as an in-
dependent recognition instance.

Unknown recognition uses the class-aware confi-
dence threshold as defined in Eq. @ In MHN mode,
an additional minimum-confidence constraint m is ap-
plied. We further evaluate the effect of memory rep-
resentation (prototype vs exemplar), classifier type (co-
sine vs MHN), and MHN query refinement.

Performance is evaluated on ground-truth in-
stances under the OWOD incremental protocol. We re-
port known-class accuracy, unknown recall (U-Recall),
and open-set error rate (OSE).

4.2 Experimental Setup

We evaluate configurations varying along three factors:
(i) memory representation (prototype vs. exemplar), (ii)
classification strategy (cosine similarity as a baseline
vs. MHN-based classification), and (iii) optional MHN-
based query refinement.

This results in a total of eight configurations, sum-
marized in Table[I] All setups are evaluated under the
OWOD protocol across tasks T1-T4.

Row | Memory Classifier Refinement
1 Prototype | Cosine (baseline) -
2 Prototype MHN -
3 Prototype Cosine MHN
4 Prototype MHN MHN
5 Exemplar | Cosine (baseline) -
6 Exemplar MHN -
7 Exemplar Cosine MHN
8 Exemplar MHN MHN

Tab. 1: Evaluated configurations across memory rep-
resentation, classifier type, and optional MHN-based
query refinement.

All experiments use frozen DINOv3 (Siméoni et
al 2025)) features extracted from object regions. Mem-
ory is built from labeled support samples (ngupport) US-
ing either: (i) prototype-based aggregation, or (ii) direct
exemplar storage.

During training, optional refinement updates
memory using additional labeled samples. This allows
gradual adaptation without full retraining.

Unless stated otherwise, we keep the encoder, data
splits, and extracted features fixed across all experi-
ments, and vary only memory and inference configura-
tions. Key hyperparameters include the number of sup-
port samples (Ngupport), NumMber of prototypes, update
strategy (ema or append only), and the unknown-
threshold parameter k. To ensure stability of the exem-
plar memory, we limit storage to at most 100 samples
per class.



5 Results

For the first experiment, we keep the following param-
eters fixed: the MHN sharpness parameter 5 = 30.0,
the unknown threshold parameter k£ = 0.5, and the min-
imum confidence threshold m = 0.35.

The results show a consistent trade-off between
known-class recognition and open-set performance
across both memory representations. For exemplar-
based memory (Table [2), MHN-based classification im-
proves known-class accuracy compared to the cosine
baseline (from 7.84% to 19.65%). A further improve-
ment is obtained when MHN-based query refinement is
included (up to 25.33%). However, this gain is accom-
panied by a strong decrease in unknown-class perfor-
mance, where U-Recall drops from 81.53% to 33.74%
and OSE increases accordingly. A similar behavior
is observed for prototype-based memory. MHN clas-
sification improves known-class accuracy (61.98% to
66.74%) and slightly increases unknown recall. How-
ever, MHN-based refinement has a strong negative ef-
fect on open-set behavior, reducing U-Recall to 3.19%
in the cosine+refine setting and significantly increas-
ing OSE. The results are consistent with the idea that
prototype-based regime enforce stronger abstraction,
while exemplar-based regime preserve variability nec-
essary for open-set discrimination.

Overall, these results suggest that MHN-based
retrieval improves recognition performance on known
classes, but also introduces a bias toward predicting
known categories (Fig. [I). This effect becomes more
pronounced when MHN query refinement is applied.
Interestingly, despite this bias, the person class still
shows a tendency to be misclassified as unknown, in-
dicating class-specific ambiguity.

Method \ Known Acc. \ U-Recall \ OSE
Exemplar-based memory

Cosine (baseline) 7.84 81.53 18.47

MHN classification 19.65 7297 ]27.03

Cosine + MHN refine 19.97 51.29 |48.71

MHN + refine 25.33 33.74 | 66.26
Prototype-based memory

Cosine (baseline) 61.98 25.30 | 74.70

MHN classification 66.74 38.54 | 61.46

Cosine + MHN refine 66.27 3.19 96.81

MHN + refine 65.75 29.45 | 70.55

Tab. 2: Comparison of exemplar- and prototype-based
memory under cosine and MHN-based inference vari-
ants.

When we compare the incremental tasks, the same
pattern remains stable, as shown in Table Earlier
tasks achieve higher known-class accuracy, while later
tasks show a gradual shift toward a more balanced but
still unstable known—unknown trade-off.

Task Known Acc. U-Recall OSE
(%) (%) (%)
T1 82.52 23.80 76.20
T2 70.03 35.64 64.36
T3 59.08 56.17 43.83
T4 55.34 - -

Tab. 3: Per-task performance for prototype-based mem-
ory with MHN classification across OWOD incremental
stages T1-T4.

Confusion Matrix (row-normalized)

10

True bucket
H

Predicted label

Fig. 1: Confusion matrix of MHN-based classification.
The model shows strong diagonal structure for known
classes, but a tendency to assign unknown samples to
known categories.

We also designed the experiments to analyze the
effect of individual parameters on model behavior. In
this setting, we increase the MHN sharpness parameter
to 8 = 60.0, the unknown threshold to £ = 0.7, and the
minimum confidence threshold to m = 0.6.

The results, summarized in Table show how
these changes affect performance across tasks T1-T4.
Increasing 3 makes the model more confident but sig-
nificantly reduces unknown recall, leading to strong
over-assignment to known classes. Increasing k£ makes
the decision boundary slightly more permissive for un-
known detection. Increasing the minimum confidence
threshold m improves open-set behavior by rejecting
uncertain predictions, but at the cost of lower known-
class accuracy. This pattern is consistent with the
attractor-based memory systems, where increased at-
tractor strength can lead to overgeneralization toward
familiar categories at the expense of sensitivity to novel
inputs (Hopfield, |1982).

The results in Table [5] further highlight the role
of memory granularity in the stability—plasticity trade-
off. Increasing the number of stored exemplars per class
leads to a substantial improvement in unknown recall

Row-normalized rate



Task Known Acc. U-Recall OSE
(%) (%) (%)
Base 66.74 38.54 61.46
k=07 67.03 36.95 63.05
B8 =160 68.67 8.83 91.17
m = 0.6 52.13 65.30 34.70

Tab. 4: Prototype-based memory with MHN classifi-
cation under different parameter settings. The base-
line (Base) refers to the default configuration used in
the main experiments, with 8 = 30, £k = 0.5, and
m = 0.35.

(from 33.74% to 52.51%), while only slightly reduc-
ing known-class accuracy. This indicates that a denser
exemplar memory improves the model’s ability to re-
ject unseen categories, likely by providing a more com-
plete coverage of the known-class feature space. Since
exemplar memory construction heavily depends on the
available support examples, this aspect requires further
investigation.

Task Known Acc. U-Recall OSE
(%) (%) (%)

Baseline 25.33 33.74 66.26

50 exam- 22.76 39.40 60.60

ples/class

100 exam- 22.38 52.51 47.49

ples/class

Tab. 5: Exemplar-based memory with MHN classifica-
tion. Mean performance across tasks for different exem-
plar settings, with 20 examples per class as the baseline.

To better understand the MHN mechanism, a qual-
itative analysis was conducted. The DINO mask visual-
ization shows a clean part-level structure on both the
dog and the person, distinguishing it from the back-
ground. This confirms that DINOv3 features encode
meaningful semantics, which aligns with levels of hu-
man organization in figure—ground segmentation. Inter-
estingly, the cosine and MHN attention maps highlight
different regions (head/torso/limbs). MHN attention fo-
cuses more on the head and central parts of the body,
showing stronger weighting on salient features.

6 Conclusion

In this work, we studied how MHN-based associative
memory supports incremental open-world visual recog-
nition. Different memory representations originating
from cognitive theories, classification strategies, and
optional MHN query refinement are studied under the
OWOD protocol.

The results show a clear trade-off between known-
class recognition and open-set performance. While

Fig. 2: Dense DINO Feature and Memory Retrieval Vi-
sualization

similarity-based retrieval can improve known-class ac-
curacy, it also tends to increase the bias toward known
categories, especially when query refinement is used.
This leads to lower unknown-class recall and higher
open-set error. Stronger associative retrieval increases
attraction toward familiar memory states, while reduc-
ing sensitivity to novel inputs.

We also find that memory structure has an im-
portant effect. Exemplar-based memory improves un-
known detection when more samples per class are
stored, suggesting that better coverage of the feature
space helps rejecting unseen categories. In contrast,
more compact memory representations are more stable
for known classes but less effective for open-set recog-
nition.

Overall, the results show that retrieval-based
memory is a simple and effective approach for open-
world recognition, but its behavior depends strongly on
memory design and retrieval settings.
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