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ABSTRACT

Associative memory is a unifying abstraction underlying attention mecha-
nisms, energy-based models, and adaptive inference systems. Analog content-
addressable memories (CAMs) enable graded similarity search directly in hard-
ware, supporting soft retrieval and online adaptation within a single substrate.
We study differentiable CAM (diff-CAM) as a general associative memory prim-
itive. Through controlled simulations, we characterize its retrieval robustness,
learning dynamics, and stability—plasticity tradeoffs under distribution drift and
representation shift. Compared to static CAMs, adaptive diff-CAM exhibits rapid
rebinding and improved associative inference under non-stationary inputs. These
results position diff-CAM as a hardware-aligned substrate for efficient and adap-
tive memory-augmented systems.

1 INTRODUCTION

Associative memory systems retrieve stored patterns based on partial or noisy cues and form a
foundational component of biological and artificial intelligence. Classical associative memories,
such as Hopfield networks and content-addressable memories (CAMs), implement retrieval through
similarity-based access to stored representations. Recent advances in analog and differentiable CAM
hardware enable continuous-valued storage and retrieval with low latency and energy consumption
Li et al.[(2020);/Mao et al.|(2022); Pedretti et al.|(2022)). However, most prior algorithmic evaluations
of CAMs focus on narrow tasks such as nearest-neighbor retrieval and clustering/Ameli et al.[(2025));
Saha et al.| (2023)), leaving open whether CAMs can function as general-purpose associative memory
substrates supporting soft inference and continual adaptation.

Approaches such as Elastic Weight Consolidation |Kirkpatrick et al.| (2017) and Test-Time Train-
ing [Sun et al.| (2020) address distribution shift via parameter regularization or self-supervision but
lack content-addressable memory and soft associative inference. Modern Hopfield networks Kro-
tov & Hopfield (2016)) implement continuous attractor dynamics but lack local online plasticity. In
contrast, adaptive diff-CAM integrates soft retrieval with similarity-gated local updates, enabling
unsupervised online adaptation and exposing a stability—plasticity tradeoff |Grossberg| (1987); Ram-
sauer et al.| (2020); Zenke et al.|(2017).

We study differentiable CAM (diff-CAM) as a trainable associative memory primitive. Our focus is
on two core capabilities: (i) soft associative inference, in which a query retrieves a graded mixture
of stored memories rather than a single nearest neighbor, and (ii) continual adaptation, in which
memory contents are updated online under non-stationary input distributions.

We characterize the retrieval robustness, learning dynamics, and stability—plasticity tradeoffs of diff-
CAM in controlled settings, including abrupt distribution shifts and representation drift. Compared
to static CAMs, adaptive diff-CAM exhibits rapid reassociation and improved associative infer-
ence under non-stationary inputs, positioning diff-CAM as a hardware-aligned substrate for adaptive
memory-augmented systems.
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(a) Energy Landscape Before Adaptation (b) Energy Landscape After Adaptation
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Figure 1: Reshaping of the associative energy landscape through plasticity. Energy landscapes
computed from diff-CAM memories before (left) and after (right) continual adaptation. Online
memory updates shift low-energy regions toward frequently observed inputs, illustrating dynamic
reconfiguration of associative structure.
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2 DIFF-CAM AS AN ASSOCIATIVE MEMORY

We model a diff-CAM memory as a set of stored analog keys, where similarity between an input
query and each memory entry is computed via an analog match-line current. This current defines
a differentiable similarity score. Memory adaptation is implemented through updates to the stored
parameters, corresponding to changes in the conductance values of the underlying devices.

2.1 CONTINUOUS LEARNING IN DIFF-CAMS

For retrieval, we adopt a softmax weighting over distance, consistent with modern Hopfield networks
and attention-based associative memory formulations [Ramsauer et al| (2020); Krotov & Hopfield|
(2016). Given query g, a single diff-CAM cell provides a distance, with the prepheral circuit, the
association weights can be computed as:

exp(=a || g — ci(t) [l1)
dojexp(—all g —¢(t) 1)

Here « is an inverse temperature controlling the sharpness of associative retrieval. Retrieval is
implemented via softmax-weighted similarity over memory entries. An adaptive CAM augments
retrieval with online memory updates:

ci(t+1) = ai(t) +nlilgr, ai(t), @)

trading stability for responsiveness under non-stationary inputs. Static CAM corresponding to the
special case ¢;(t + 1) = ¢;(t). Here, n > 0 is a learning rate, and A; is similarity dependent update
rule. Note that this update rule is fully differentiable. Here the updates are local, depending only on
q¢ and ¢;. Learning is softly gated by retrieval strength, and no explicit supervision is required. This
is analogous to Hebbian-style associative learning under soft assignment. This transforms CAM
from a static lookup structure into a plastic associative memory, trading stability for responsiveness
under non-stationary inputs. The L1 distance reflects the Manhattan metric implemented by diff-
CAM match-line currents, aligning the algorithmic model with the underlying hardware substrate.
Similar lifelong adaptation of external memories has been demonstrated in memristive few-shot

learning via online prototype augmentationZhou et al.| (2023).

wit) = (1

2.2 ADAPTIVE ASSOCIATIVE MEMORY UNDER DISTRIBUTION SHIFT

We consider an online associative inference problem under distribution shift, where a stream of
queries evolve over time and the underlying input distribution is non-stationary. The objective is
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(b)Adaptation Dynamics of diff-CAM Memories (c)Stability-Plasticity Tradeoff in diff-CAM
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Figure 2: (a) Continual adaptation of stored memories. Trajectories of diff-CAM memory patterns
under an online rewrite rule driven by a drifting input distribution. Memory states adapt smoothly
over time, demonstrating plasticity without retraining or backpropagation. (b) Adaptation dynamics
of memory entries, measured as distance to the current input mean over time. Adaptive diff-CAM
tracks the drifting distribution, while frozen memory (static CAM) would remain misaligned. (c)
Stability—plasticity tradeoff as a function of learning rate. Larger learning rates enable faster adap-
tation to distribution shift but lead to less stable memory states, revealing a continuous tradeoff
between responsiveness and associative sharpness.

to evaluate how well an associative memory maintains meaningful retrieval as the data distribution
drifts. Specifically, we model queries as Let queries arrive sequentially as

@~ N, 0%I),  pye=po + vt 3)

where the drift velocity v controls the rate of distribution shift. This captures gradual structured
changes commonly observed in continual learning and streaming settings. Static attention corre-
sponds to a frozen associative memory that cannot adapt to this drift, while adaptive diff-CAM
updates its memory contents online to track the evolving input distribution.

2.3 FEW-SHOT REBINDING UNDER REPRESENTATION SHIFT

Beyond gradual distribution drift, intelligent memory systems must rapidly rebind stored content
when representations change, for example due to sensor recalibration, feature drift, or embedding
updates in a perception pipeline. In such cases, retrieval fails not because memory is noisy, but
because the coordinate system of stored patterns becomes misaligned with incoming queries. We
formalize this as a representation shift problem. Let ¢ (z) denote the original embedding of inputs
and ¢1(x) a shifted embedding obtained after a system update (e.g., a rotated or perturbed feature
space). Memory is initialized with prototypes {c¢;} stored in the original representation space. At
time ¢y, the representation changes abruptly and queries are drawn from ¢, (z).

¢1(z) =T(¢o(z)), TEeF, 4)

where ¢ : X — R? denotes the embedding function mapping inputs to a feature space, and 7' models
a representation shift such as a rotation, affine transform, or feature reparameterization induced by a
system update. Memory is initialized as ¢; (¢, ) = Eyp, [¢0(z)]. After the shift, queries are drawn
from ¢4 (x) and memory is updated online:

ci(t+1) = ¢i(t) + nw;(t) (¢1 (z¢) — ci(t)). 5)
Retrieval accuracy is evaluated on held-out post-shift queries as a function of the number of support
samples per class.

We compare frozen and adaptive CAM, evaluating post-shift retrieval accuracy as a function of
support samples per class.
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Figure 3: Few-shot rebinding under regime-switching inputs. (a) Retrieval accuracy over time as
the active class switches. Adaptive diff-CAM rapidly recovers after each switch, while static CAM
fails. (b) Memory trajectories in embedding space, showing online rebinding toward the active class.

3 RESULTS

We evaluate diff-CAM in a controlled associative memory setting. Queries are drawn from a drift-
ing input distribution , simulating non-stationary environments common in continual learning and
agentic systems. We compare two configurations: (I) Static memory: retrieval only, no updates. (II)
Adaptive memory: retrieval with online memory updates.

Figure[T|provides a physical energy interpretation of diff-CAM retrieval: plastic updates reshape the
associative energy landscape, shifting basins of attraction toward frequently observed inputs. Re-
gions of low energy correspond to memory states that are preferentially retrieved by nearby queries.
As the input distribution drifts, online updates continuously deform this landscape, deepening basins
around recently observed patterns while flattening regions associated with rarely used memories.
diff-CAM tracks drifting inputs via plasticity (Fig.[2(a)), and reveals a stability—plasticity tradeoff
controlled by the learning rate (Fig. 2[c)).

As shown in Fig. 3] adaptive diff-CAM rapidly rebinds memory entries after regime switches, en-
abling few-shot recovery, while static CAM fails under abrupt distribution shifts.

4 CONCLUSION

We presented a unified view of differentiable analog content-addressable memory as an asso-
ciative memory primitive. Through systematic experiments, we showed that diff-CAM supports
attention-like retrieval, continual adaptation, and controllable stability—plasticity tradeoffs. By fram-
ing diff-CAM beyond specific applications, our work highlights its potential role in future memory-
augmented and agentic Al systems, particularly where energy efficiency and online adaptation are
critical.

The soft associative retrieval implemented by diff-CAM is closely related to modern Hopfield net-
works, which perform retrieval via softmax-weighted similarity over stored patterns Ramsauer et al.
(2020). In contrast to digital implementations, diff-CAM computes similarity through analog energy
evaluation, with match-line currents corresponding to L1 distances between queries and stored keys.
This yields an attention-like weighting without explicit dot products or digital normalization, effec-
tively implementing a physical attention kernel. Memory adaptation in diff-CAM further enables
test-time reassociation, positioning diff-CAM as a hardware instantiation of continuous associa-
tive memory with plasticity. Unlike digital Hopfield networks, diff-CAM realizes these dynamics
through physical energy evaluation in memory, rather than explicit optimization.

These results position diff-CAM as more than a task-specific accelerator: its analog similarity imple-
ments soft associative inference, while local plasticity enables continual test-time adaptation with-
out backpropagation. Together, these properties suggest diff-CAM as a hardware substrate in which
storage, retrieval, and learning are tightly integrated.
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