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Abstract

Large scale recordings of neural activity over days and weeks have revealed that neural
representations of familiar tasks, precepts, and actions continually evolve without obvious
changes in behaviour. We hypothesize that this steady drift in neural activity and accom-
panying physiological changes is due in part to the continuous application of a learning rule
at the cellular and population level. Explicit predictions of this drift can be found in neural
network models that use iterative learning to optimise weights. Drift therefore provides a
measurable signal that can reveal systems-level properties of biological plasticity mechanisms,

such as their precision and effective learning rates.

Introduction
“I am tomorrow, or some future day,
what I establish today. I am today what I
established yesterday or some previous

”

day.

James Joyce

Animals benefit from having a continually updating model of the world. Accordingly, our
brains never stop learning. This may be in the form of subtle perceptual or motor learning
that occurs when we repeatedly practise a task; it may correspond to continual laying down
of episodic memories; or it may arise during moments of surprise or sudden insight [1].

On the other hand, and for sound practical reasons, experimental neuroscience often sep-
arates “learning” from “doing.” Laboratory learning paradigms study changes in behaviour,
physiology, or both, as animals learn new tasks. A traditional paradigm breaks this process
into a baseline (prior to learning), a learning or induction phase (where the animal or neural
circuit is subjected to a learning paradigm), and a steady state (where behavioural perform-
ance plateaus). But from the perspective of the underlying circuitry in the nervous system

there is no necessary distinction between these phases. The gradual tuning and consolidation



22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

6

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

of learned information, the replay and parsing of past events, and the process of introspection
all contribute to behaviourally relevant changes [2]. Even if potent modulatory signals convey
novelty or reward in a specific time window, the synaptic and intrinsic mechanisms that form
the substrate for learning must be in a state of perpetual readiness to adapt, and may need
to do so long after a salient stimulus has passed [3, 4]. This raises the question of whether it
is advantageous or even practical for the nervous system to switch plasticity on and off in its
more malleable circuits. A more realistic scenario may entail continual change, with long term
consistency enforced by dynamic interactions, both internally and with the external world.

In parallel, the theoretical study of learning algorithms developed its own split between
“learning” and “doing”. Measures of loss or task error bottom-out after sufficient iterations of
a learning rule, at which point a model is deemed “trained” and fit for evaluation on test data.
Understandably, the dynamics of the internal state of the model after the loss function stops
improving have been of relatively little interest: ways to optimise learning and robustness have
been the priority. Nonetheless, analyses of artificial learning systems have revealed forms of
drift as an inherent feature of ongoing learning [5, 6]. We want to point out the possibility
of using drift as a surrogate measure of the collective properties of learning rules, potentially
allowing key characteristics of learning rules to be inferred. For this to apply to living nervous
systems, there needs to be measurable drift.

Numerous recent studies indeed report that physiological correlates of behaviour - con-
cretely, the activity patterns in populations of neurons - seem to continually drift over time,
even when behaviour is apparently unchanging [7, 8, 9, 10, 11, 12]. In tandem, and likely
contributing to this drift, synaptic turnover in many parts of the brain remains significant
outside periods of marked learning and brain development [13, 14, 15, 16]. Much of this work
only became possible with recording technology that can track populations of individual cells
over the course of days and weeks using optical or electrical means [8, 10, 11].

In this review, we explore the idea that representational drift corresponds to the endgame
of plasticity mechanisms operating under the necessary constraint of limited information about
the external world. We do not rule out the possibility that some component of drift is due
to cell biological processes that are unrelated to learning, such as the stochastic turnover of
synapses. Similarly, we do not argue against some stochastic component of drift having an
algorithmic purpose, such as providing a means of exploration [17] or regularisation during
learning [18]. Instead, we want to point out that even if the nervous system were composed of
perfectly reliable components, existing theory predicts a never-ending flow in the configuration
space of any adaptive neural circuit. Measurement of this flow, in turn, yields information
about the learning efficiency and mechanistic properties of plasticity mechanisms, and the
effective degrees of freedom in a neural representation. Representational drift may therefore
be a quantifiable signal that can allow us to study learning and plasticity at the population
level.

Before outlining these ideas and the recent work that inspires them, we want to flag some

terminology. Neuroscience is an interdisciplinary field, and key phrases are used with varying



62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

7

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

%

95

96

97

98

degrees of consistency. We are not attempting to universally define terms here, rather define
key terms as we will use them here to minimise misinterpretation. By “representation”, we
mean any spatiotemporal pattern of neural activity that correlates with defined actions or
sensations. Questions of the causal link between the two remain on the table because they are
the subject of ongoing research in all cases. Secondly, we are deliberately loose with the term
“learning”: we take this to mean any systematic changes in neural circuitry that are caused
by, and ultimately influence, interactions with the world. This includes latent learning, which
may reconfigure how information is represented in the brain without necessarily producing
obvious or immediately detectable changes in behaviour. Finally, the reader will notice that
there is sometimes no clear line between “plasticity” and “learning” in our discussion: we

believe that that this topic necessarily blurs such a line.

Empirical statistics of drift

The feature that distinguishes representational drift from the umbrella term “neural variab-
ility” is that there appears to be no steady-state representation about which the moment-to-
moment representation randomly fluctuates: the further apart in time any two representations,
the more different they are from each other [10, 19, 11, 8, 7]. In other words, drift does not
appear to be mean-reverting, especially not on timescales for which other brain circuitry may
simply average-out fluctuations.

We must stress that any claim about the statistics of drift is subject to experimental lim-
itations, and we must acknowledge the heterogeneity of observations across experimental con-
ditions. Even with current recording technology, it is remarkably difficult to record individual
cells over timescales of weeks. Reported timescales of drift range from a single experimental
session [12] to several days or weeks [10, 19, 11], or across these timescales [8, 7]. Drift is
neither a universal nor a homogeneous phenomenon. Drift rates vary across brain regions [20],
being slow to negligible in some sensory and motor areas [19, 7] and higher in structures such
as the hippocampus [11]. Indeed, the fact that there is circuit-dependent variation in drift
rate suggests that it is an interpretable signal - a point we return to in later sections.

For the purpose of our discussion we will assume that experimental measurements can be
taken at face value, and that the interesting component of drift cumulatively perturbs repres-
entations over timescales relevant for retaining learned behaviour (i.e. days or weeks). The
inferences we will draw from this assumption will establish working hypotheses that directly
relate drift to learning mechanisms. Questions surrounding the validity of these hypotheses
should also motivate future studies to extend the timescales over which neural activity and

behaviour can be precisely tracked.

Three principal sources of drift

The elephant in the room for the experimental characterisation of drift is that unmeas-

ured behavioural changes may account for a large component of changes in neural activity
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Figure 1: There are mutually compatible explanations for the observation of representational drift
in neural populations. (a) Behavioural changes, albeit in ways that do not affect task performance,
would still drive changes in the behaviour of the activity of the population. For example: an
animal may take a slightly different trajectory through a maze, but reach the goal in roughly the
same time. (b) Out-of-task factors, such as the disruption of synapse tuning due to stochastic
turnover, may damage the fidelity of the representation and must then subsequently compensated
for by recruiting other neurons in the population. (c¢) The learning algorithm implemented by
the population continues exploring the solution space rather than stopping, even though it passes
through perfectly adequate minima.
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[21, 22, 23, 24] (Figure 1.a). Even in brain regions largely devoted to sensory processing, we
find abundant examples of motor behaviour modulating representation [25, 26]. Even if it
were realistic to measure and account for every aspect of an animal’s externally observable
behaviour, representations are also subject to change based on ‘internal’ states of the animal,
such as their mood, tiredness, or engagement with the task [27, 28, 29]. It is therefore im-
mensely challenging to design experiments that can completely eliminate confounds associated
with behaviour.

Other, less philosophically challenging factors may account for drift. Ongoing changes
in population activity may be due to the cellular and molecular makeup of synapses and
neurons (Figure 1.b). Biochemical signalling is stochastic in nature and some component of
turnover may be intrinsic to these mechanisms [15, 16, 30]. Synaptic turnover takes place
in the absence of the learning of new behaviours [13], and some component of this turnover
is even independent of neural activity [31, 32]. One may also consider issues with recording
methodology, though the studies we cite go to huge lengths to account for such contributions
and we are confident that not all measurements can be put down to recording technology.

Finally, and most relevant to our main point: there may be a component of drift that is
attributable to the learning mechanism itself (Figure 1.c). We will expand on this possibility

in later sections, but for now, we can summarise three mutually compatible sources of drift:

1. changes in behaviour that do not affect performance of a task but nevertheless impact

neural activity

2. synaptic and physiological change caused by out-of-task factors that must be com-

pensated for in order to preserve a neural representation

3. drift that is somehow intrinsic to the learning and plasticity rules implemented by a

neural population

In the remainder of the paper we accept that all three sources can account for drift to
some extent. We focus on the second and third sources as ways of relating drift to plasticity
mechanisms because these relate most directly to theories and models of plasticity. However,
we will also speculate that non-stationary changes behaviour - perhaps driven by drift in neural

activity - may have a role in exploration and learning.

Drift as a consequence of ongoing learning and systematic plas-
ticity mechanisms

We expect the space of feasible neural representations to be degenerate. That is, we expect
many configurations of a neural population to represent a task or environment at comparable
levels of fidelity. This is implied both by the existence of drift and by the co-existence of
distinct representations of the same environment within the same time-frame [33, 34]. We
picture these equivalently-performing representations as different points in a configuration

space that map to locations in the basins and valleys of some loss landscape (Figure 2.a).
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Recent attempts to explain drift using artificial neural networks assume synaptic noise
or noisy data [18, 35], hypothesising that this will drive a random walk through degenerate
regions of the loss landscape. For a high dimensional state space, a random walk deviates very
rapidly from its starting point and is vanishingly unlikely to return to an earlier point on the
trajectory [36, 37]. Such a process will have non mean-reverting statistics, and the effective
dimensionality of the process can be inferred from experimental data, yielding clues about
the intrinsic degrees of freedom in a representation. Rule and colleagues [9] performed such
analyses on data from parietal cortex, finding that drift resembled a random walk in a space
of far fewer dimensions than the number of recorded neurons. This estimated dimension was
consistent across animals, and thus may be interpreted as a measure of the spare degrees of
freedom in the neural representation. Before expanding on why this is interesting, we must
stress that inferring statistical properties demands caution. Even a mean-reverting process
(such as an Ornstein-Uhlenbeck process) in a high dimensional space and/or with a long
autocorrelation time may have an approximately linear trend on experimental timescales, and
may thus appear to be non-mean-reverting. Caveats considered, observations of how drift is

constrained can reveal hallmarks of specific underlying neural system properties:

e circuit connectivity constraints (e.g. common inputs could reduce degrees of freedom)

e physiological mechanisms (e.g. (anti) Hebbian or homeostatic plasticity can cause neur-

ons to (de) correlate and/or distribute activity patterns over time [51, 55])

e task complexity (e.g. a more complex task would consume more degrees of freedom,

reducing drift dimensionality)

e task representation efficiency (e.g. more efficient codes consume fewer degrees of freedom,

increasing drift dimensionality).

Finer-grained empirical properties of drift can further eliminate or support models of un-
derlying mechanisms. For example, Qin and colleagues [55] showed that continual action of
anti-Hebbian plasticity results in coordinated drift of units that encode different features. Rule
& O’Leary showed that continual homeostatic normalisation in the presence of drift can cause
downstream tuning curves to jump preference abruptly [51]. Such qualitative properties of
models can make satisfyingly granular predictions about what we should see in data, bringing
into reach a number of tantalising open questions.

How else might drift inform us about learning and plasticity mechanisms? Perhaps sur-
prisingly, drift can exist during the steady state of a learning algorithm, even when data and
weight updates are not corrupted with noise. Further back in the literature on artificial neural
networks, drift was anticipated as a side effect of learning continuously on the same data
distribution. Writing in 1985, McClelland and Rumelhart [6] comment on this effect in the

context of an associative neural network being sequentially trained on nominal ‘dog’ patterns:

The [network] acquires a set of weights which is continually buffeted about by the

latest dog exemplar, but which captures the prototype dog quite well.
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Thus, in continual learning, drift results from an optimisation process acting on recent
exemplar subsets of available data as a practical means of assimilating a full dataset. This
situation encompasses a class of algorithms, including stochastic gradient descent (SGD),
where artificial neural networks are trained sequentially on exemplars that are typically drawn
randomly. Interestingly, recently developed continual learning algorithms explicitly penalise
drift to enforce stable readouts [38] or to reduce the likelihood of damaging previously learned
representations [39, 40].

Learning-induced drift is symptomatic of any learning system with limited resources that
prevent it from accessing and operating on all training data at once. Biologically, we would
expect this to be a generic situation: it necessarily holds when learning occurs online, as neural
circuitry only has access to current or recent information. It will also hold for any plausible
scheme in which neural populations “replay” past experiences for the purposes of consolidation
and generalisation [41, 42].

The reader may be suspicious that the kind of learning-induced drift we are describing here
should die away over time as learning asymptotes, and thus not really be relevant to ongoing
drift as it is measured in learned tasks. However, this intuition is wrong. In a sophisticated
analysis, Chaudhari and Soatto [5] prove that continually applying SGD results in drift at
steady state, even for noise-free training data. We might initially believe that randomly
drawn batches are responsible for a random-walk-like exploration of the loss function about
some minimum, but this is not the case. The state of the network will follow a structured
flow through the loss landscape. The rate of this flow depends on the learning rate (which we
can liken to the plasticity of a system) and the batch size (which we can liken to the variety
of data presented to the system). Very recent work by Pashakhanloo and Koulakov [43] has
directly explored the continuous application of SGD as an analogue to drift and predicted that
frequently presented stimuli will generate slower rates of drift.

These analyses show the potential to directly relate the statistics of drift to algorithmic
parameters of the learning algorithms implemented in the brain. For these reasons, we contend
that representational drift can be used to quantify key properties of biological learning rules

without necessarily requiring complex interventions.

Manipulating drift rates

As we begin to better understand the constraints on biological learning rules, we gain fur-
ther opportunities to use drift to probe those rules. Consider the credit assignment problem:
updates across a population cannot realistically be calculated globally and subsequently dis-
seminated to each synapse. This issue is extensively explored in [45] and [46], and the cur-
rent consensus is that while an implementation of backpropagation (and thus exact gradient
descent) is unlikely in the brain, methods for approximating gradient descent are possible
using local learning rules. Recent work has shown that such approximations introduce non-
negligible biases in a weight update that cause them to deviate from pure gradient descent

[47, 48]. These biases are systematic and would contribute to drift. They are thus experi-
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Figure 2: (a) An example trajectory through a loss landscape. After sufficient learning, the
system reaches an approximate steady state. Repeated application of the learning rule, under
either perturbation of the system or through the necessity to process input data continually, will
continue to drive the trajectory through the loss landscape. Adapted from [44]. (b) Within the
steady state region, the mean-squared distance between two samples in configuration space will
increase as those samples are taken further apart in time. The rate of this drift should be higher
in the cases where the trajectory through the loss landscape is governed by an update rule that is
a less accurate approximation for gradient descent. (c¢) In the steady state, a more complex task
has relatively fewer free dimensions in which to drift, and under a diffusive model of drift would
therefore drift more slowly than simple task counterpart.

mentally quantifiable in principle (Figure 2.b). Recent contributions to theory show that the
quality of gradient-descent approximation can be inferred by manipulating steady state syn-
aptic turnover physiologically [44]. This work shows that if learning-related plasticity signals
are blocked, synaptic turnover should decrease by a factor that scales inversely with the close-
ness of the approximation to gradient-descent being implemented in the circuit. It is of course
extremely challenging to block plasticity cleanly, and it is more tractable to block plasticity
processes than the cellular correlates of learning in an intact animal. The few studies that
have attempted this show results consistent with theoretical predictions [30] - see [16] for a
review.

A more experimentally tractable manipulation is the enrichment of an environment: provid-
ing more cues, objects, and concepts to be represented. When observing animal behaviour,
studies find that when the degrees of freedom of animal motion exceed the dimensionality
of the task, only the dimensions essential to task success are kept constrained [49, 50]. We
suggest that the degenerate solution space of neural representations is similarly ‘lazy’: en-
riching an environment or scaling the number of contingencies an animal needs to learn will
constrain the solution space further. Modelling work has provided a basis both for how mul-
tiple brain regions can reliably exchange information despite changing representations and
how drift driven by external factors may be compensated for [9, 51, 52, 53, 54, 55]. Besides

the nature of the learning rules, these models predict drift to be governed by the constraints
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on the space of ‘good enough’ representations: a more loosely constrained population should
drift faster. Thus a change to the task that consumes degrees of freedom without engaging
different learning mechanisms might manifest as a change in the rate of drift (Figure 2.c).
Very recent experimental work hints at such a relationship.

Khatib et al. [12] measured rates of drift in the representations of environments in CA1
hippocampus over the course of a single experimental session lasting several hours. They
exposed animals to two environments over the same time period, enforcing the animal to spend
substantially more time in one environment than the other. They found that the environment
that the animal is exposed to more often is associated with a higher rate of drift. This
suggests that additional exposure to the environment induces further iterations of the learning
rule, resulting in greater drift. On the other hand, Schoonover et al. [10] measured rates of
drift in the representations of odour in the olfactory cortex over the course of several weeks.
They report that frequent exposure to the same odour reduces the drift associated with that
odour’s representation—seemingly the opposite of the Khatib et al. result. This is intriguing:
perhaps this indicates that odour exposure, even to the same odour with no structured task,
corresponds to an environmental enrichment. Regardless, these results indicate that drift
rates can and do vary as a function of an animal’s experience. Future experimental work
could attempt to explicitly test the effect of task complexity on drift. Future theory work will
help identify how drift is shaped by underlying learning rules and the neural codes they act

upon.

Non-drifting circuits provide important controls and counterfac-
tuals

We have focused attention on neural circuits that remain plastic and exhibit some degree of
representational drift during nominally stable behaviour. But are there examples where stable
behaviour seems to be accompanied by extremely stable neural activity?

Birdsong in zebra finches crystallises during development: once a juvenile learns its song
from an adult tutor, the same base song will be repeated for life [56, 57]. This is effectively a
task in which learning truly has a “before” and “after”, and is doubly interesting for us because
the muscle contractions required to repeat the same song are so precise that behavioural
variability is necessarily very low.

Lesion experiments suggest that HVC (proper name) is the region of songbird cortex re-
sponsible for storing a lifelong representation of the learned song [58, 59]. Recent 2-photon
Calcium imaging of HVC revealed stable representations with no drift over the course of sev-
eral weeks [60]. This strongly implies that random, unavoidable component of drift due to
synaptic turnover can be very low when there is pressure to make it so: if the brain needs an
immutable circuit, it can make one.

The possibility that birdsong circuits, and likely other brain circuits, do not show repres-

entational drift strengthens the case for using drift to study plasticity: the nervous system
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can stabilise neural representations when needed, suggesting that drift is not merely a res-
ult of noisy, unreliable biology. Insofar as this is the case, drift must instead have a largely

systematic component, which we argue gives a window into systematic plasticity mechanisms.

Does representational drift drive behavioural drift?

A recent and comprehensive review of representational drift [61] highlights emerging ideas for
how one might attempt to experimentally manipulate rates of drift without modification of
the environment. The use of optogenetics to suppress individual cells within a population
may increase the rate of synaptic turnover. Conversely, the use of brain-machine interfaces
requiring a fixed readout may stabilise a population. These manipulations offer potential
insight into the mechanisms driving drift, but they may fail to decouple representational drift
from behaviour completely.

Ultimately, the purpose of neural activity is to drive behaviour. While in principle it is
possible that neural representations can freely explore a space that generates equivalent beha-
viours, it seems an unlikely that behaviour would remain identical, even with stringent task
requirements. We should therefore expect some component of drift to leak into behavioural
changes, subtle or otherwise. For us, this introduces a tantalising possibility: if drift truly
results in a non-stationary exploration of allowable circuit configurations, then this might
eventually generate non-stationary behavioural variability. Such variability could result in
gradual changes in habits, ticks, and reflexes. More broadly, this variability is potentially a
useful substrate for exploring behavioural strategies [62]. In this sense, even if behavioural
variability explains most of drift, we will be left with an arguably bigger question: whether be-
haviour and neural activity unavoidably drift together, and whether or not this is an essential

part of an animal’s wider ethology and adaptive capacity.

Outlook

Representational drift is a measurable signal that varies across brain regions and experimental
tasks. It may exhibit qualitatively distinct statistical features depending on its underlying
causes. Measurable signals give us something to work with: in the same way that systems
neuroscience was revolutionised by shifting perspectives from single neuron responses to pop-
ulations, drift can give us a systems-level readout of the collective action of plasticity mechan-
isms. However, without a quantitative framework for linking drift to hypothesised mechanisms,
the phenomenon of drift is largely uninterpretable and relatively easy to dismiss. Theoretical
models are crucial for providing an interpretation of drift and relating it in non-obvious ways

to systems-level mechanisms of learning and memory.
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Significant Papers

1.

** Chaudhari and Soatto [5]. The authors describe the behaviour of trajectories across the
loss landscape of deep networks trained using SGD, including the surprising result that these
are not random walks once converged.

** Sadeh and Clopath [23]. The authors draw attention to the pitfalls for drift measurements
introduced by behavioural variability, focusing on the potential for misidentifying drift in
populations or overestimating its extent.

** Raman and O’Leary [44]. The authors show that when synaptic fluctuations are balanced
by continual learning, the optimal magnitude of the learning component is typically smaller
than the fluctuating component. The ratio of the components can be used to infer the quality
of the plasticity rule, such as how well it approximated gradient descent.

. ** Schoonover et al. [10]. One of the first studies to manipulate representational drift and to

measure it using optimised electrophysiological methods.

* Katlowitz et al. [60]. The authors demonstrate a stable representation over the course of
weeks in a neural population with no further need to learn representations.

* Khatib et al. [12] (preprint). The authors design and present new experimental data from a
protocol designed to disentangle the effects of experience and time on drift, with implications
for drift’s direct involvement in the learning process.

* Lillicrap et al. [45] This review paper explores the capacity for a biological networks to
implement gradient descent techniques.

* Pettit et al. [27]. This paper presents evidence that internal states that are not directly
measurable, such as task engagement, modulate the representation of environments within
the Hippocampus.
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