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Abstract

Does continuing to learn make an AI system better at solving unfamiliar problems,
or merely better at remembering previous ones? Continual learning means learning
from a succession of experiences; generalization means applying what was learned
beyond the examples encountered. The two can improve together, but continued
updating alone does not explain that improvement. A useful experience might
reveal a reusable rule, improve adaptation from a few examples, or supply a
previously unavailable fact. These possibilities shift attention from how long a
model has been learning to how effectively it uses what it learned.

1 Remembering the Examples, Missing the Rule

Continual learning is often discussed as a missing ingredient in more capable AI: a model’s education
could continue after deployment instead of ending with training. Recent proposals give persistent
learning and memory a central role [3]. But what would that continuing education buy? Remembering
yesterday’s answer and learning something that makes tomorrow’s unfamiliar problem easier are
different achievements.

Consider a learner that records every sequence of zeros and ones it encounters, together with its
assigned label, then assigns every unfamiliar string a default label. If the rule concerns whether the
number of ones is even, perfect recall leaves many new cases wrong. Recognizing that rule, called
parity, gives a way to answer for strings never seen before.

Continual-learning research already distinguishes retention, adaptation, and generalization [12].
Elastic weight consolidation discourages changes to parameters important for earlier tasks [7];
gradient episodic memory constrains updates using stored examples and also examines transfer [8].
The unresolved question is how preserving experience makes a different problem easier.

2 How Much Experience Does a New Task Require?

Generalization concerns performance beyond the examples used to form a predictor. Sample efficiency
concerns how many examples are needed to reach a specified performance level. They are related,
but a sample-efficient learner within a familiar task family may fail under a different kind of shift.

Chollet’s account emphasizes the efficiency of acquiring new skills, taking prior knowledge, assump-
tions, experience, and difficulty into account [2]. A long learning history need not make a learner
efficient at resolving unfamiliar structure from limited evidence.

A learner must choose among possible rules. Suppose every bird in a small set of photographs is
against a blue sky. Both wing shape and background color may predict the labels. More photographs
from the same setting may reinforce both rules; photographs of birds indoors help separate them.
Prior knowledge about objects and backgrounds can make those few examples especially informative.
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Learning theory studies how the number of examples, the candidate rules, and the way examples are
sampled affect performance beyond the training data [11]. Inductive bias means the assumptions that
make some rules more plausible than others before the evidence settles the choice. Good assumptions
can reduce the data needed; bad ones can make a learner confidently wrong. Results for independently
sampled examples from one distribution do not automatically cover a changing lifetime of experience.

Baxter formalizes how related tasks can help identify a useful family of rules for later learning [1].
This gives continued experience a route to better generalization: earlier tasks can teach the learner
what to pay attention to on the next one.

3 Adapting What Has Already Been Learned

Return to the bird photographs. A learner with useful prior knowledge may need only a few new
examples to discover that wing shape matters here and background color does not. Those examples
do more than enlarge its collection: they change its working hypothesis about the task. One way to
make this adjustment is to keep the shared model fixed while changing a small internal representation.

The compact hypothesis can be represented by a vector z, often called a latent task code: a list of d
adjustable numbers, written z ∈ Rd. In the bird example, it could specify which visual features to
use when distinguishing the new categories.

To describe how the code is adjusted, let fθ be the predictor with trained parameters θ, and D =
{(xi, yi)}ni=1 the new examples: inputs xi paired with answers yi. An illustrative objective balances
prediction error, measured by a loss function ℓ, against departure from prior learning:

z⋆D ∈ argmin
z

[
1

n

n∑
i=1

ℓ(fθ(xi, z), yi) + λΩθ(z)

]
, ŷ = fθ(x, z

⋆
D).

The first term measures mistakes on the new examples. The penalty Ωθ discourages codes that
conflict with prior learning; λ ≥ 0 sets its strength and n ≥ 1. Assuming a minimum exists, z⋆D is the
best compromise. Practical optimization may only approximate it. The shared knowledge stays fixed
while the code changes, and the code can be discarded after the task. Useful adaptation therefore
need not become permanent memory.

Rusu and colleagues’ Latent Embedding Optimization turns this idea into a particular adaptation
procedure: the code generates classifier parameters, which are then also fine-tuned [10]. Tests on
miniImageNet and tieredImageNet demonstrate learning new image categories from few examples.
This is evidence for that complete procedure on those tasks; the adjustable code alone does not
explain its success.

Model-agnostic meta-learning instead prepares model parameters for rapid adjustment on a new task
[4]. Efficient transfer therefore need not use latent optimization. Both approaches seek to make prior
learning reusable; permanently retaining each adjustment is a different decision.

A poorly chosen objective can fit the examples without finding the intended rule. A small latent code
gives no guarantee by itself. What the code controls, which assumptions guide its adjustment, and
how the new task relates to earlier ones still matter.

Reizinger and colleagues show that models with identical optimal test loss can behave differently
beyond the conditions represented in training [9]. Finitely many binary-string labels also fit rules
other than parity. Preferring parity requires an assumption; more computation cannot make those
observations logically determine every unseen label.

4 When Continual Learning Strengthens Generalization

Continual learning becomes consequential when new experience improves representations, adaptation
procedures, or the evidence available for a task. Dorovatas and colleagues discuss combining changes
stored in model weights with information supplied through context [3]. Persistent memory can
support later adaptation even when the model’s weights stay fixed.

Harrington and colleagues find more efficient context compression, condensing information supplied
to a model, without substantially better new-task learning [5]. Hu and colleagues instead report joint
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retention, adaptation, and generalization gains from continual reward-based learning in models that
turn images and language into actions [6]. The capacities can improve together, but improvement in
one does not establish improvement in the others.

An arbitrary new rule can also make fresh evidence indispensable: no inference procedure can recover
a private decision never communicated to it. Continued learning supplies that evidence. Its larger
promise is that experience could improve the way later experience is interpreted. A model that has
seen more birds might need fewer examples of an unfamiliar species because it has learned which
features travel. Understanding when continued learning produces that kind of change would tell us
much more than knowing that a system can keep updating.
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