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ABSTRACT

Understanding the intricate operations of Recurrent Neural Networks (RNNs)
mechanistically is pivotal for advancing their capabilities and applications. In this
pursuit, we propose the Episodic Memory Theory (EMT), illustrating that RNNs
can be conceptualized as discrete-time analogs of the recently proposed General
Sequential Episodic Memory Model. To substantiate EMT, we introduce a novel
set of algorithmic tasks tailored to probe the variable binding behavior in RNNs.
Utilizing the EMT, we formulate a mathematically rigorous circuit that facilitates
variable binding in these tasks. Our empirical investigations reveal that trained
RNNs consistently converge to the variable binding circuit, indicating universal-
ity in the learned dynamics of RNNs. Building on these findings, we devise an
algorithm to define a privileged basis, which reveals latent neurons instrumen-
tal in the temporal storage and composition of variables — a mechanism vital
for the successful generalization in these tasks. We show that the privileged ba-
sis enhances the interpretability of the learned parameters and hidden states of
RNNs. Our work represents a step toward demystifying the internal mechanisms
of RNNs and, for computational neuroscience, serves to bridge the gap between
artificial neural networks and neural memory models.

1 INTRODUCTION

AI-driven systems have become ubiquitous in real-world applications (Christian, 2021; Sears, 2021;
Bostrom, 2014; Müller & Bostrom, 2013). While these systems demonstrate remarkable proficiency,
their inherently black-box nature often renders them inscrutable (Alishahi et al., 2019; Buhrmester
et al., 2019; Fong & Vedaldi, 2017). Mechanistic interpretability aims to reverse engineer the in-
tricate workings of neural networks that drive their behavior (Olah, 2022). Gaining a mechanistic
understanding builds trust in AI systems and provides insights that can lead to refinement and in-
novation (Raukur et al., 2022). In essence, mechanistic interpretability is not just about demysti-
fying AI; it’s about harnessing its potential responsibly and efficiently. Recurrent Neural Networks
(RNNs) (Hochreiter & Schmidhuber, 1997) play a pivotal role in AI due to their unique ability to
process sequential data (Graves et al., 2013), making them indispensable for tasks involving time
series analysis, natural language processing, and other applications where understanding temporal
dynamics is crucial (Che et al., 2018). One major challenge in understanding RNNs mechanistically
is that the task-relevant information is stored in a hidden state that evolves over time. This temporal
nature of RNNs raises critical questions: How is information reliably stored and processed in this
evolving hidden state? and How are the learned parameters of RNNs connected to the computations
performed? Addressing these questions is vital for advancing our understanding and application of
RNNs in AI-driven systems.

Answering these questions in RNNs require elucidating the mechanisms of ’variable binding’ that
enables them to dynamically associate information with variables and manipulate the information
symbolically over time (Marcus, 2001). In cognitive systems, variable binding enables general-
ization in complex, structured tasks that involve symbolic relationships and dependencies between
various elements (Greff et al., 2020). For instance, in natural language processing, variable binding
promotes understanding and maintaining context over a sentence or a conversation. The importance
of uncovering the variable binding mechanisms stems from its potential to bridge the gap between
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simple pattern recognition and advanced cognitive capabilities, and move towards a better under-
standing and reasoning of AI systems. This will not only enhance the capabilities of AI systems but
also provides deeper insights into the nature of intelligence itself - both arti�cial and biological.

Organization: To formulate variable binding mechanisms in RNNs, we turn to computational neu-
roscience, drawing parallels between autonomously evolving RNNs and episodic memory retrieval
models. First, we show the connection between RNN architectures and a recently proposed episodic
memory model - General Sequential Episodic Memory Model in Section 3. We show that while
GSEMM was introduced in continuous time, its temporal discretization corresponds with the evolu-
tion of RNNs. Episodic memory has varied de�nitions in different �elds. Our de�nition of episodic
memory is in line with the General Sequential Episodic Memory Model (Karuvally et al., 2022) and
neuroscience (Umbach et al., 2020), which describes the ability of neural networks to store and pro-
cess temporal and contiguous memory sequences. This contrasts with the psychological perspective
of episodic memory as the subjective recollection of personal experiences (Tulving, 1972) where the
focus is on the human recollecting the memory rather than the underlying system.

In Section 4, we develop a class of algorithmic tasks designed to investigate the variable bind-
ing mechanisms of RNNs. These tasks involve a two-phase process: in the input phase, an RNN
is presented with a series ofd-dimensional vectors overs timesteps, and in the output phase, it
autonomously generates outputs based on this stored information, using a linear binary symbolic
composition function. The tasks, while simpler than complex real-world scenarios, builds upon and
extends previous task setups that explore RNN memory capabilities (Graves et al., 2014). Section
5 introduces the concept ofvariable memories—linear subspaces within the RNN that facilitate the
variable binding and recursive composition of information. This concept allows us tofully decon-
struct the mechanisms of variable binding in RNNs and propose a circuit mechanism answering
how RNNs store and process information over time. Our experimental �ndings demonstrate a con-
sistent convergence to the proposed circuit, contributing evidence to the 'universality hypothesis'
in mechanistic interpretability (Olah et al., 2020; Li et al., 2015a). Further, the circuit mechanisms
we found show notable similarities to recently developed brain-inspired traveling waves in RNNs
(Keller et al., 2023), indicating a broader applicability of the theory beyond the toy variable binding
tasks.

In Section 6, we leverage the empirical convergence result to propose an algorithm to construct a
privileged basis of thevariable memories. In our results, we show that this basis fully deconstructs
the learned behavior by uncoveringlatent neurons(by basis change of the RNN hidden state) and
latent synaptic interactions(by basis change of the learned interactions) involved in information
processing.

2 RELATED WORKS

Our exploration of RNNs spans three, often separate, research direction - Dynamical Systems inter-
pretation of RNNs, Mechanistic Interpretability, and Neural Memory Models.

Dynamical Systems Interpretation of RNNs: Current approaches to interpret RNNs consider them
as non-linear dynamical systems and apply linearization around �xed or slow-changing points to
reveal their behavior (Marschall & Savin, 2023; Sussillo & Barak, 2013). The preliminary step
in this analysis involves linearization around �xed points and slow-changing points found using
optimization algorithms. The phase space �ow is assembled piecemeal from each linearized region.
The exploration of the long-term behavior of these regions is undertaken through the eigen-spectrum
analysis of the corresponding linearized dynamical systems (Strogatz, 1994), providing insights
into the dynamics of convergence, divergence, stability, or spiraling (Rowley et al., 2009; Kim,
1996). However, this method becomes intractable in our variable binding tasks when there are many
dimensions exhibiting non-convergent behaviors. The proposed EMT generalizes this approach
to the class of variable binding tasks and enables interpretation even when the number of non-
converging dimensions is arbitrarily large (Appendix Figure 5).

Mechanistic Interpretability : Mechanistic interpretability seeks to reverse-engineer neural net-
works to expose the underlying mechanisms enabling them to learn and adapt to previously unen-
countered conditions. The prevailing strategy involves examining the networks' internal “circuits”
(Conmy et al., 2023; Wang et al., 2022; Cammarata et al., 2020). Researchers have found that apply-
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Figure 1: Equivalence between Episodic Memory Models and Variable Binding: A. Episodic
Memory models aim to uncover the cognitive processes involved in the retrieval of subjective past
experiences often stored as a temporal sequence of memory items. The illustration shows the re-
trieval of a personal experience when an apple is observed.B. The illustration shows the application
of the Episodic Memory Theory, which poses that learning the addition operation over arbitrary
numbers to generate �bonacci numbers, a task involving variable binding, can be considered equiv-
alent to episodic memory retrieval where the computations are performed over variables instead of
predetermined memories. The abstract addition operation is stored in the synapses in the form of
howthe variables interact with each other to produce the desired result (See Appendix A.3 for de-
tails).

ing interpretability methods to large networks, such as transformers (Vaswani et al., 2017) handling
complex tasks in natural language processing and vision, faces the challenge of unclear features to
be modeled in internal circuits. To address this challenge, toy models are created with clearly de�ned
features essential for task resolution. Probing models trained on toy tasks has resulted in supporting
evidence for prevalent hypotheses. Some of the notable hypotheses areuniversality(Chughtai et al.,
2023; Li et al., 2015b) - models learn similar features and circuits across different conditions when
trained on similar tasks,bottleneck superposition(Elhage et al., 2022) - a mechanism for storing
more information than the available dimensions, andcomposable linear representations(Cheung
et al., 2019) - the use of linear spaces in feature representation. Despite these advancements, current
approaches remain con�ned to forward only models like MLPs and transformers. Our proposed
EMT generalizes the circuit approach of mechanistic interpretability to recurrent architectures and
provides a mathematically grounded framework for deconstructing their behavior.

Neural Memory Models: Developments in memory modeling have revealed links between deep
neural networks and memory models. The �rst investigation of this link explored how the different
activation functions in Multi-Layer Perceptrons affected the learned representations and memory
capacity (Krotov & Hop�eld, 2016). Later studies extended this connection to explain the practical
computational bene�ts observed in neural architectures like transformers (Ramsauer et al., 2020).
Recently, the traditional memory models capable of associative recall of static memories were ex-
panded to retrieving memory sequences (Karuvally et al., 2022; Chaudhry et al., 2023). This ex-
pansion allows memories that previously did not interact in the static memory retrieval context to
interact and produce complex temporal behavior (Kleinfeld, 1986; Kleinfeld & Sompolinsky, 1988).
A fundamental assumption in memory modeling (in both static and sequence retrieval) is that the
network's memories are predetermined and stored in the synapses. This assumption limits the mod-
els' applicability to understanding symbolic binding of memories typically available only during
inference. In EMT, we will demonstrate that by lifting the �xed memory assumption in memory
modeling, these memory models can be utilized to build principled circuits to show how RNNs bind
external information.

Summary: EMT reveals the synergistic relationship between the three �elds - dynamical systems
interpretation of RNNs, mechanistic interpretability, and neural memory modeling and suggests a
uni�ed approach to address the challenges of understanding neural behavior.

3 RNN AS EPISODICMEMORY

We show that RNNs can be viewed as a discrete-time analog of a memory model called General
Sequential Episodic Memory Model (GSEMM) (Karuvally et al., 2022), and as a result, enable
human-interpretability in terms of learned memories and their interaction. See Appendix A.2 for
detailed proof. The sketch of the proof is detailed below. To be applicable for the more gen-
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