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Abstract. Continual learning is scored against two
reference points: naive sequential training below and joint
training on all the data above. The usual reading is that the
distance between them is made of forgetting and lost
plasticity, so a learner that solved both would reach the
upper line. A 2026 study disputes this. On vision
benchmarks split into identically distributed chunks, a
perfect-retention ensemble of sequential checkpoints still
falls 2.2 to 3.9 linear-probe points short of incrementally
joint training at the fourth chunk, and its authors name the
residual a third facet, co-observation. In this analysis the
author reviews and synthesises published results to show
that the residual is real but that its name runs ahead of its
evidence. Re-expressing the study's own tables, the author
shows that the residual's share of the naive-to-joint gap
ranges from 18 to 41 percent, smaller than the plasticity
term in both self-supervised settings, that the claim that a
30 percent replay buffer closes half of it holds at the last
chunk for Barlow Twins (60 percent) but not for supervised
training (33 percent) or I-JEPA (14 percent), and that
under the study's fixed per-chunk iteration budget each
sequential member sees every example of its chunk about
100 times in one burst in supervised CIFAR-100 (about 90
in supervised ImageNet-100, and several hundred in the
self-supervised settings, whose budget matches 400 joint
epochs). On identically distributed chunks, seeing data
together is the same thing as fitting each model on more
data, so the residual is confounded with per-stage sample
size and repetition, with the warm-start generalisation loss
that its members also carry, and with the concatenate-and-
project rule that combines them. Other studies point the
same way: the sequential-to-joint gap shrinks with chunk
size, falls to about one point for self-supervised pretraining
on 320,000-image chunks, and closes to 0.02 in loss for
language-model pretraining with 5 percent replay, while
divide-and-conquer theory loses nothing in rate when local
fits are regularised for the whole sample. The paper
consolidates the measured values in a table, gives an
attribution procedure, and specifies five controls that
would turn the residual into a mechanism or dissolve it.
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1. Introduction

Almost every continual learning paper reports two
numbers it does not try to beat. One is the accuracy of a
model trained naively on the stream, one portion after
another, with nothing done to protect what came earlier.
The other is the accuracy of the same architecture
trained on the union of all portions at once. The first is
read as what forgetting costs and the second as what a
perfect learner would achieve (De Lange et al., 2021;
Wang et al., 2024). Between them sits the stability-
plasticity dilemma: a learner must hold on to what it has
learned without losing the ability to learn more (French,
1999; McCloskey and Cohen, 1989). An implicit claim
follows from this framing. If a learner forgot nothing and
kept its full capacity to learn, it would land on the upper
line.

A 2026 study by Hess, Jha, van de Ven and Tuytelaars
argues that this claim is false (Hess et al., 2026). Its
design is careful. It removes distribution shift by splitting
CIFAR-100 and ImageNet-100 into four identically
distributed chunks, following the chunking setting of Lee
and Storkey (2024). It evaluates representations rather
than classifiers, training a fresh linear probe on all the
data at each stage, so that a drifting output head cannot
masquerade as forgetting. Probing showed that
representation-level forgetting under naive training is
often milder than output-level forgetting (Davari et al.,
2022), and an earlier study by the anchor's first author
showed that, measured relative to what was learned in a
task, it is just as severe and slows the accumulation of
general features (Hess et al., 2024). It controls forgetting
by construction: after each chunk the sequential model's
backbone is frozen and kept, and at evaluation the
features of every kept checkpoint are concatenated,
optionally compressed back to one backbone's width by
principal component analysis, and probed. Nothing such
an ensemble once encoded can be lost. Against this the
study sets incremental joint training, a model warm-
started at each stage and trained on all chunks seen so
far. The ensemble falls short of incremental joint training
at every stage after the first, in supervised training and
in two self-supervised methods. Since the ensemble
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cannot have forgotten, and incremental joint training
shares its repeated optimisation, the authors attribute
the residual to the absence of simultaneous observation,
which they call the co-observation effect, and argue that
it is a third facet of continual learning beside forgetting
and plasticity.

The opposing position is not a single paper but a record
of results that make a third, separate obstacle hard to
see. Lee and Storkey (2024), who introduced the
chunking setting the anchor builds on, analysed the same
kind of drop and concluded that it is due to forgetting:
the learner reaches 100 percent accuracy on each chunk,
and its accuracy on that chunk's training data falls back
to test level once it moves on. Hu et al. (2022)
pretrained MoCo-v2 sequentially on four identically
distributed quarters of ImageNet and found the
transferred representation within about one point of
joint pretraining with no continual learning method at
all. Ibrahim et al. (2024) continued pretraining language
models of 405 million and 10 billion parameters on a
new corpus and, with learning-rate re-warming and 5
percent replay, matched retraining on the union to
within 0.02 in validation loss. And in the statistical
theory of divide-and-conquer estimation, fitting separate
kernel ridge regressions on random partitions and
averaging them loses nothing in rate, provided each local
fit is regularised as if it had the whole sample (Zhang et
al., 2013).

This paper's thesis is that the 2026 residual is a well-
measured gap but not yet a factor. A residual becomes a
factor when it is shown to respond to the variable its
name refers to, and to nothing else that differs between
the compared arms. In the anchor's design, at least four
other variables move together with simultaneous
observation: how many examples each optimisation run
is fitted to, how many times each example is repeated
within a stage, whether the ensemble's members carry
the warm-start damage that Ash and Adams (2020)
documented in stationary data, and the rule that
combines several separately trained backbones into one
representation. On identically distributed chunks, the
first of these is not a confound in the usual sense; it is
what "observing the chunks together" amounts to. A
residual that cannot be separated from per-fit sample
size is a statement that models trained on less data
generalise worse and that concatenating them does not
fully make up for it. That statement is true and useful,
but it is weaker than a third facet of continual learning.

The paper makes five contributions. First, the author re-
expresses the anchor's numerical appendix as a
telescoping decomposition of the naive-to-joint gap,
which shows the residual's share ranging from 18 to 41
percent and falling below the plasticity term in both self-
supervised settings, and checks two of the anchor's
claims about replay against its own tables, finding that
each holds only in part (Section 3, Figure 1). Second, the
paper shows that the decomposition depends on the

order in which the baselines are subtracted, and that the
order used counts plasticity loss in the naive trajectory as
forgetting and warm-start damage in the ensemble's
members as co-observation (Section 4). Third, it sets out
four accounts that each predict the residual - per-stage
sample size and repetition, the combiner, the object
retained, and the time scale of interleaving - with the
evidence for each from outside the anchor (Sections 5 to
8). Fourth, it places the claim in the wider record: where
joint training is not an upper bound, where structure
that spans partitions genuinely requires joint exposure,
and what happens at scale (Sections 9 and 10, Table 1).
Fifth, it proposes an attribution procedure (Algorithm 1)
and five studies that would decide whether co-
observation is a mechanism (Sections 12 and 14).

Section 2 fixes terms. Section 3 reads the anchor at the
resolution of its tables. Sections 4 to 8 develop the
competing accounts. Section 9 collects cases on both
sides of the upper-bound assumption, and Section 10 the
large-scale evidence. Section 11 consolidates the
measured values, Section 12 states the procedure,
Section 13 states the strongest objections, and Sections
14 to 17 list what would settle the question, what is not
known, the limitations and the conclusion.

2. Scope and terms

The paper concerns supervised and self-supervised
representation learning from a stream that is divided
into portions, here called chunks, of which only one is
available at a time unless a method stores data. Its
central case is the data-incremental or chunking setting,
in which the chunks are random partitions of one dataset
and so are identically distributed (Lee and Storkey,
2024). Class-incremental and domain-incremental
settings, in which chunks differ in distribution (van de
Ven et al., 2022), enter where they bear on whether a
separate cross-chunk factor exists.

Five terms are used in fixed senses.

Joint training is training one model from random
initialisation on the union of all chunks, with mini-
batches drawn from the whole union. Incremental joint
training warm-starts at each stage from the previous
stage's model and trains on the union of the chunks seen
so far. Naive sequential training warm-starts at each
stage and trains on the current chunk only. These follow
the anchor (Hess et al., 2026).

Retention is ambiguous in a way that matters for the
argument, and the paper distinguishes four objects a
learner might retain about an earlier chunk: its
parameters at the end of that chunk, the features those
parameters compute, the function on the earlier chunk's
inputs, and the earlier chunk's loss surface or a sufficient
statistic of it. The anchor's ensemble retains the second.
Exact sequential Bayesian updating retains the fourth.
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(a) Naive-to-joint gap, split along the anchor's path
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Figure 1. Panel (a): the gap between naive sequential and offline joint training at the fourth chunk, split into the three differences the
anchor's design implies (ensemble minus naive, incremental joint minus ensemble, offline joint minus incremental joint), in linear-probe
accuracy points. Panel (b): the share of the ensemble-to-incremental-joint gap recovered by replay with buffers of 1,250, 6,250 and 12,500
exemplars per past chunk (described by the anchor as about 3, 15 and 30 percent) at the fourth chunk on ImageNet-100; negative values
lie below the ensemble. All accuracies are from Hess et al. (2026), Appendix F; the differences and shares are the author's arithmetic.

Co-observation is used in two senses that the paper
keeps apart. The operational sense is the anchor's: the
difference in linear-probe accuracy between incremental
joint training and the forgetting-free ensemble. The
mechanistic sense is the anchor's explanation of that
difference: cross-chunk dependencies in the data that can
only be exploited when gradients from several chunks
shape the same features. The paper's question is whether
evidence for the first is evidence for the second.

Interleaving time scale is the number of consecutive
optimisation steps spent on data from one chunk before
data from another chunk is used. Joint training
interleaves at the scale of one mini-batch; naive
sequential training at the scale of a whole stage; replay
and periodic averaging sit in between.

All accuracy differences are reported in percentage
points of the source's metric. Where the paper reports a
difference, share or ratio that the source does not, it is
the author's arithmetic on the source's published values
and is labelled as such.

3. The anchor, read at the resolution of its
tables

3.1 Design

The anchor trains ResNet-18 with cross-entropy on
CIFAR-100 and ImageNet-100, ResNet-18 with Barlow
Twins on ImageNet-100, and ViT-B/16 with I-JEPA on
ImageNet-100, each split into four identically distributed
chunks, all from scratch (Hess et al., 2026). Each stage
runs a fixed number of iterations. For supervised
CIFAR-100 the appendix gives 9,750 iterations per chunk
at batch size 128, with a 5 percent warm-up, cosine
decay from 0.1 to 0.00001, weight decay and gradient

clipping; for ImageNet-100, 11,070 iterations per chunk
at batch size 256. The per-chunk budget is set so that
four stages together equal the budget of joint training,
100 epochs on CIFAR-100 and 90 on ImageNet-100 for
supervised training and 400 epochs for Barlow Twins
and I-JEPA. Linear probes are trained for 100 epochs on
frozen features of the whole training set. Results are
means and standard errors over three seeds, six for some
I-JEPA arms. Replay stores 1,250, 6,250 or 12,500
exemplars per past chunk, described as about 3, 15 and
30 percent, merged with the current chunk and sampled
uniformly. Distillation uses Learning without Forgetting
for the supervised model (Li and Hoiem, 2017) and
CaSSLe for Barlow Twins (Fini et al., 2022).

One consequence of the budget is worth stating because
it is the basis of Section 5. On CIFAR-100, 9,750
iterations at batch 128 draw 1,248,000 samples per
stage. A chunk holds 12,500 of the 50,000 training
images, so a naive sequential model passes over each
example of its chunk about 100 times within one stage,
under a full warm-up-and-decay schedule. Incremental
joint training at stage four spreads the same 1,248,000
samples over 50,000 images, about 25 passes each.
Across the four stages, an image from the first chunk is
seen about 208 times by incremental joint training (100,
50, 33 and 25) and about 100 times by the naive arm,
the ensemble and offline joint training, but in
incremental joint training the later passes are interleaved
with ever more data. (This is the author's arithmetic on
the anchor's stated budget.) The anchor's ensemble is
therefore a set of four backbones, each the end point of a
stage in which a warm-started network was driven
through a full schedule on one quarter of the data.
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3.2 The decomposition the tables imply

The anchor describes the expected picture qualitatively:
the difference between ensemble and naive measures
forgetting, the difference between offline joint and
incremental joint measures lost plasticity, and the
remaining difference between incremental joint and the
ensemble is the co-observation effect (Hess et al., 2026,
Figure 2). Its appendix reports the four arms at each
stage. Taking the fourth stage, the three differences add
to the total naive-to-joint gap by construction. Figure
1(a) shows them.

In supervised CIFAR-100 the naive arm reaches 64.64,
the ensemble 70.39, incremental joint 74.29 and offline
joint 75.18. The gap of 10.54 points splits into 5.75 for
the ensemble's gain over naive (55 percent), 3.90 for the
residual (37 percent) and 0.89 for the plasticity term (8
percent). In supervised ImageNet-100 the values are
78.27, 80.55, 82.75 and 83.68: 2.28, 2.20 and 0.93 of a
5.41-point gap, or 42, 41 and 17 percent. For Barlow
Twins they are 69.25, 71.25, 73.50 and 76.42: 2.00, 2.25
and 2.92 of 7.17, or 28, 31 and 41 percent. For I-JEPA
they are 53.83, 59.82, 62.64 and 69.35: 5.99, 2.82 and
6.71 of 15.52, or 39, 18 and 43 percent. With the
capacity-controlled ensemble the residual becomes 4.04,
2.18, 1.97 and 3.81 points.

Three things follow. First, the residual is present in every
setting, it is larger than its standard errors (under 0.7
points for every one of the four main arms at the fourth
chunk), and it is the same order of size as the forgetting
term in three of four settings. The anchor's empirical
core holds on its own numbers. Second, the residual is
not the dominant term. In both self-supervised settings it
is smaller than the plasticity term; for I-JEPA it is under
a fifth of the gap and the plasticity term is more than
twice as large. The anchor says this in its own words,
noting that it does not claim the penalty universally
rivals forgetting (Hess et al., 2026). Third, in [-[JEPA the
naive arm gets worse as data accumulates, falling from
55.87 at the first chunk to 53.83 at the fourth, while the
ensemble rises to 59.82. Part of what this design labels
forgetting in that setting is the naive network becoming
a worse learner while it trains on more data. That
reading is taken up in Section 4.

3.3 Replay and distillation, checked against the tables

The anchor makes two quantitative claims about replay
on ImageNet-100: that storing about 15 percent of each
past chunk is enough for replay to match the ensemble,
and that a 30 percent buffer pushes past the ensemble
and closes half the gap to incremental joint training,
with results said to hold for supervised training, Barlow
Twins and I[-JEPA (Hess et al., 2026). Figure 1(b)
expresses the replay results as a share of the ensemble-
to-incremental-joint gap at the fourth chunk.

The 15 percent claim holds for supervised training
(80.55 against an ensemble of 80.55) and Barlow Twins

(71.63 against 71.25). It does not hold for I-JEPA, where
the 15 percent buffer reaches 56.59 against an ensemble
of 59.82, below the ensemble by more than the whole
ensemble-to-incremental-joint gap. Against the capacity-
controlled I-JEPA ensemble of 58.83 it is still 2.24 points
short.

The half-the-gap claim depends on stage and setting.
With the 30 percent buffer, supervised replay recovers
27, 56 and 33 percent of the gap at chunks two, three
and four; Barlow Twins recovers 62, 56 and 60 percent
against the unreduced ensemble; I-JEPA recovers 31, 11
and 14 percent against the unreduced ensemble, or 65,
35 and 36 percent against the capacity-controlled one.
"Half" is a fair summary of Barlow Twins and of
supervised training at the third chunk; it overstates
supervised training at the last chunk and I-JEPA at every
chunk after the first against the unreduced ensemble (at
chunks three and four against the capacity-controlled
one). (All shares are the author's arithmetic on Appendix
F.)

Distillation behaves as the anchor says in supervised
training at the middle stages, where Learning without
Forgetting tracks the ensemble, but at the fourth chunk it
falls 0.62 below it (79.93 against 80.55), recovering
minus 28 percent of the gap. For Barlow Twins, CaSSLe
reaches 72.07, above the unreduced ensemble by 36
percent of the gap. Distillation is thus not uniformly at
the ensemble level; it is below it in one setting and
above it in the other.

These are corrections of degree, not of direction. Replay
with larger buffers does move the representation toward
incremental joint training in every setting, and the
anchor's qualitative point stands. But the claim on which
the third-facet reading of replay rests, that replay does
something distillation cannot because it restores joint
exposure, needs the two to differ at matched retention,
and the tables show that they differ by setting as much
as by method.

3.4 What the anchor establishes

The anchor establishes that, in its four settings at its
scale and budget, a concatenation of sequential
checkpoints, probed linearly, is worse than a single
network trained incrementally on the accumulated data,
by 2 to 4 points at the fourth chunk. It establishes that
the shortfall survives compressing the ensemble to one
backbone's width, and that replacing naive checkpoints
by distillation-trained ones moves the ensemble little
(Hess et al., 2026, Appendix C.2). It shows a proof-of-
principle on MNIST in which the evaluation task requires
combining a decision rule learned from one chunk with
robustness to noise learned from another, and joint
training transfers the noise robustness while the
ensemble does not.

What it does not establish is that the shortfall in the
chunking setting is caused by the absence of
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simultaneous observation as such, rather than by any of
the other differences between a backbone trained on one
quarter of the data and a backbone trained on all of it.
The MNIST construction does have a genuine cross-
chunk dependency, built in by design. The chunking
experiments, by construction, do not: every chunk is a
random sample of the same distribution. The remaining
sections take the alternatives in turn.

4. A telescoping decomposition depends on its
path

The three terms in Figure 1(a) add up to the total
because each is the difference between neighbours in a
chosen sequence of arms: naive, then ensemble, then
incremental joint, then offline joint. Economists know
this kind of decomposition well. When a total difference
is split by switching on factors one at a time, the share
attributed to each factor depends on the order in which
they are switched on unless the factors do not interact,
and the usual remedy is to average over orders, which is
the Shapley decomposition (Fortin et al, 2011;
Shorrocks, 2013). The anchor uses one order and does
not report any other.

The order matters here because the arms differ on more
than one factor at each step. Moving from naive to
ensemble adds retention, but it also changes the
representation from one backbone to four concatenated
backbones, which changes what a linear probe can read.
Moving from ensemble to incremental joint adds joint
exposure, but it also replaces four backbones by one,
increases the number of distinct images in each stage's fit
from one quarter of the data to all of it, and lowers the
number of passes per image within the last stage from
about 100 to about 25. Moving from incremental joint to
offline joint removes warm-starting, but warm-starting is
present in every arm except the last, including every
member of the ensemble after the first.

Two consequences follow. The first is that plasticity, in
this design, is measured on only one path. The plasticity
term is the difference between incremental and offline
joint training. The naive trajectory also loses plasticity,
and in I-JEPA visibly so, since the naive model gets
worse with more data. That loss is counted inside the
ensemble-minus-naive term and labelled forgetting. The
second is that the ensemble's members are warm-started
networks fitted to quarter-size chunks. If warm-starting
on stationary data damages generalisation, as Ash and
Adams (2020) and Berariu et al. (2021) report and as
Section 5 details, the members carry that damage, and
the design counts it in the residual. Incremental joint
training also carries warm-start damage, so the two
partly cancel, but not exactly: the damage depends on
how much of the data the earlier fit saw (Ash and
Adams, 2020), and the members and the incremental
joint model saw different amounts.

A path-independent version of the analysis would need
at least two further arms: a cold-start ensemble, each
member trained from scratch on its own chunk, and a
cold-start incremental model trained from scratch at
each stage on the accumulated data. With them, warm-
starting and joint exposure could be varied
independently, and their interaction estimated. The
anchor's appendix ablation, which rebuilds the ensemble
from distillation-trained members, changes the members'
retention but not their warm start or their sample size,
so it does not address this.

5. Account one: per-stage sample size and
repetition

5.1 On identically distributed chunks, co-observation
is more data per fit

The anchor's conceptual argument supposes two kinds of
features: shared features that predict across the whole
distribution, and local shortcuts that suffice within one
chunk. A network trained on one chunk adopts the
shortcuts, because simplicity bias favours them (Shah et
al., 2020), and the shared features become unidentifiable
from its parameters (Hess et al., 2026, Section 2.1). For
chunks drawn from different distributions, this picture is
coherent and supported, as Section 9 shows. For
identically distributed chunks it needs restating. Every
feature that is predictive across the distribution is, in
expectation, equally predictive in every chunk. A chunk
differs from the whole only by sampling. The "local"
features available to a network on one chunk are
therefore features that fit the particular sample: in the
language of the warm-start literature, memorised noise
(Shin et al., 2024). Read this way, co-observation in the
chunking setting is the statement that a network fitted to
n/4 examples learns less transferable structure, and more
sample-specific structure, than one fitted to n examples,
and that four such networks concatenated do not recover
the difference.

That statement is close to a restatement of finite-sample
generalisation, and its size should scale with how far a
chunk is from enough data. The evidence supports this.

5.2 The gap shrinks with chunk size

Lee and Storkey (2024) varied the chunk size directly.
On CIFAR-100 with a ResNet-18, plain SGD and every
continual learning method they tested reached about 73
percent with all data in one chunk and about 45 percent
with chunks of 1,000 examples; the drop grew smoothly
as chunks shrank, on CIFAR-10, CIFAR-100 and Tiny
ImageNet. With DER + + and a ten-way split, chunking
alone cost 10.37 points on CIFAR-100 (73.72 offline
against 63.35) and 10.09 on Tiny ImageNet (60.63
against 50.54), about half of the full class-incremental
drop in each case. Their analysis of where the loss comes
from points at the same mechanism as Section 5.1: the
learner reaches 100 percent accuracy on the current
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chunk, its accuracy on a chunk's training data falls to test
level soon after it moves on, and they raise overfitting to
the current chunk as a candidate cause. Their remedy,
averaging the weights reached at the end of each chunk,
improves accuracy and reduces forgetting, which is
consistent with, though it does not show, each end point
carrying chunk-specific noise that averaging cancels.

Hu et al. (2022) supply the large-chunk end of the same
curve. They split ImageNet-1K into four identically
distributed chunks of about 320,000 images, trained
MoCo-v2 with a ResNet-50 for 200 epochs per chunk,
and evaluated by linear probing on twelve downstream
datasets. Naive sequential self-supervised training ended
1.04 points below joint training on average at the fourth
chunk; supervised training ended 4.83 below. The
anchor's self-supervised settings split a 100-class subset
of ImageNet, so each chunk holds roughly a tenth as
many images and report naive-to-joint gaps of 7.17
points for Barlow Twins and 15.52 for I-JEPA, measured
in-distribution. The comparison crosses objectives,
evaluations and architectures and cannot be made exact,
but its direction is the one the sample-size account
predicts and the anchor's genericity claim does not.

5.3 Warm-starting damages generalisation in
stationary data, and the damage depends on the first
fit

Ash and Adams (2020) trained an 18-layer ResNet on
half of CIFAR-10 and then on all of it, and compared it
with the same network trained on all of it from random
initialisation. Both reached full training accuracy. On
held-out data the warm-started network was worse: 51.7
against 56.2 percent with SGD and 74.4 against 78.0
with Adam, in a regime without data augmentation or
learning-rate schedules. Logistic regression, whose loss is
convex, lost 0.9 points with SGD (39.6 against 40.5), a
difference they did not count as significant. The gap
grew as the fraction of data in the first round shrank,
and appeared after only a few epochs of first-round
training. Berariu et al. (2021) reproduced the effect
across optimisers, found that a few passes over the
pretraining data are enough to produce a gap, before any
point at which early stopping would apply, and found
that it persists when the transition from the subset to the
full set is made gradually. Shin et al. (2024) gave an
account in a feature-learning framework, in which
warm-starting on stationary data leads the network to
memorise noise in the first data it fits, and proposed
shrinking the weights selectively so as to forget
memorised noise while keeping learned features, which
improved test accuracy and training efficiency on vision
tasks. Lee et al. (2024) revisited the Ash and Adams
experiments and found that methods designed to

maintain trainability provide limited benefit to
generalisation, distinguishing the two senses of
plasticity.

This stationary-data effect belongs to a wider literature
on how early training constrains later learning. Deficits
imposed during the first epochs of training can
permanently impair a network even after they are
removed, and information in the weights rises early and
then becomes hard to redistribute (Achille et al., 2019).
In reinforcement learning, transient non-stationarity
during training can permanently affect the latent
representation and harm generalisation, and repeatedly
transferring the current policy into a freshly initialised
network improves generalisation (Igl et al., 2021), and
agents trained on growing datasets over-rely on early
experience, which periodic resets of part of the network
correct (Nikishin et al., 2022). In continual supervised
and reinforcement learning, standard networks gradually
lose the ability to learn new tasks over long sequences
(Dohare et al., 2024); the loss has been tied to changes
in the curvature of the loss landscape and often occurs
without saturated units (Lyle et al., 2023) and
decomposed into several independent mechanisms, no
one of which explains every case (Lyle et al., 2024). On
the other side, deliberate partial forgetting can improve
generalisation (Zhou et al., 2022), and re-initialisation
helps in the absence of other regularisation but adds
little once data augmentation, weight decay and
learning-rate schedules are tuned (Zaidi et al., 2023).
The last result is a reminder that the size of any warm-
start effect depends on the regularisation regime, which
in the anchor includes augmentation, weight decay and a
cosine schedule.

Two things about this literature matter for the anchor.
The first is that the warm-start loss is a loss of
generalisation, not of trainability, and it occurs without
any distribution shift: the same phenomenon the anchor
calls co-observation, observed in a design with no
ensemble and no chunks beyond two. The second is that
the anchor's own design contains it in two places.
Incremental joint training is a warm-started model, and
its gap to offline joint training is the anchor's plasticity
term. Every member of the ensemble after the first is
also a warm-started model, fitted on one quarter of the
data. Whether the residual measures something beyond
the warm-start damage of the members is exactly what a
cold-start ensemble would show.

5.4 Repetition, and why a fixed iteration budget does
not hold it fixed

The anchor argues that because the training budget is
identical in every arm, larger replay buffers cannot be
helping merely by providing more optimisation (Hess et
al., 2026). The total number of iterations is indeed fixed.
The number of passes over each example is not. With a
fixed number of iterations per stage, a larger buffer
enlarges the stage's dataset and lowers the number of
times each example is revisited. A naive model at stage
four on CIFAR-100 visits each of its 12,500 images about
100 times; incremental joint training visits each of
50,000 images about 25 times; a replay arm sits in
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between, according to its buffer.

The effect of repetition on generalisation is well
documented outside continual learning. For language
models trained under a fixed compute budget,
Muennighoff et al. (2023) found that repeating data for
up to four epochs changes loss negligibly compared with
unique data, while further repetition yields rapidly
diminishing returns. Hernandez et al. (2022) found that
repeating a small fraction of data many times can
degrade a model severely: repeating 0.1 percent of the
data 100 times brought an 800-million-parameter model
down to the level of one half its size. Neither study
concerns vision or chunked training, and the paper does
not transfer their numbers. They establish that the count
of passes per example is a variable with its own effect on
generalisation, and that it moves with buffer size in the
anchor's replay arms.

Within continual learning, the evidence on repetition of
stored data points both ways, which is itself a reason to
measure it rather than assume it away. Chaudhry et al.
(2019) found, in a single-pass setting, that training
repeatedly on a tiny episodic memory did not harm
generalisation and improved it, by 7 to 17 percent with
one stored example per class. Verwimp et al. (2021)
argued, with conceptual and empirical support on three
benchmarks, that rehearsal keeps a model in the low-loss
region of earlier tasks but risks overfitting to the stored
sample. The anchor's own finding that 3 percent buffers
fall below the ensemble in every setting, while 30
percent buffers rise above it, is compatible with both.
One possible reading, which no study has tested, is that
small buffers are revisited often enough to be overfitted,
while large ones dilute the current chunk enough to
reduce its repetition.

5.5 What this account predicts

If the residual is mainly per-stage sample size and
repetition, then (i) it should shrink as chunks grow and
vanish when each chunk is large relative to what the
model needs; (ii) at a fixed chunk size, it should shrink
when passes per example are reduced, for instance by
early stopping each stage or by fewer iterations per
chunk; (iii) a replay buffer should help in proportion to
how much it enlarges the stage's dataset, whether or not
the replayed data come from earlier chunks, so that
adding the same number of fresh, never-seen examples
from the same distribution should help as much as
replaying old ones; and (iv) a cold-start ensemble should
show a residual at least as large as the warm-start
ensemble's, since its members are fitted to the same
quarter-size samples. Prediction (iii) is the sharpest,
because the co-observation account predicts the
opposite: fresh same-distribution data adds sample size
but no cross-chunk exposure. No published study has run
it.

6. Account two: the combiner

6.1 The baseline's shortfall is partly a property of how
it is combined

The ensemble is described as a perfect-retention
baseline, and in one sense it is: on the training data of
every past chunk, its probe accuracy never falls (Hess et
al., 2026, Appendix C.1). But perfect retention of four
representations is not a representation as good as the
best single network could have built from the same four
chunks. The residual compares a particular combination
rule, concatenation of frozen features followed by an
optional linear projection and a linear probe, with a
single network trained on the union. A shortfall can
come from the members, from the combination, or from
both.

The statistical theory of divide-and-conquer estimation is
direct on this point. Zhang et al. (2013) partition N
examples randomly into m subsets, fit kernel ridge
regression on each, and average the fits. They prove that
the averaged estimator attains the minimax rate over all
estimators that use the N examples, as long as m does
not grow too fast. The condition that makes this work is
specific: each local problem has to be regularised as
though it had all N samples, so that from its own point of
view it is under-regularised. Its bias stays small and its
variance blows up, and averaging across partitions
removes the variance. With each local fit regularised for
its own sample size, the averaged estimate is worse.
Separate fitting, in other words, loses nothing in this
model class when the local fits are tuned for the
combination and the combiner is an average; it loses
when the local fits are tuned for themselves.

The anchor's members are tuned for themselves: each
stage runs a full schedule to a learning rate of 0.00001
on its own chunk. Its combiner is concatenation and
projection rather than averaging in function or
parameter space. The theory is for kernel ridge
regression, not for deep networks, and it does not show
that a better combiner would close the anchor's residual.
It shows that the existence of a residual between
separate fits and a joint fit depends on how the fits are
made and combined, which is the variable the anchor
holds fixed.

6.2 Separately trained models, combined differently,
sometimes beat joint training

At language-model scale there is direct evidence that
training on separate portions of the data and combining
at inference need not cost anything. Branch-Train-Merge
trains expert language models independently on different
domains, branching each from existing experts, and
combines them by ensembling or by weight averaging;
compared with dense transformer language models at
matched training cost, it reported better in-domain and
out-of-domain perplexity (Li et al., 2022). The same
authors report that these results "require expert domain



A Residual Is Not a Third Factor

specialization; LM ensembles with random data splits do
not perform well" (Li et al., 2022). Random splits are the
case closest to the anchor's random chunks, so on
random partitions this result favours the anchor's
reading. Its successor clusters an arbitrary corpus, trains
one expert per cluster without communication, and
combines them sparsely at inference; it outperformed
dense baselines on several corpora and few-shot tasks,
and its authors found that specialising experts to
meaningful clusters was key to the gains (Gururangan et
al., 2023). The second finding cuts in an interesting
direction for the anchor. Separate training paid off when
the partition followed the data's structure, which the
anchor's random chunks do not. These systems differ
from the anchor in many ways, including initialisation
from shared seed models and routing at inference, and
the paper uses them only to show that the sign of the
separate-versus-joint comparison is not fixed.

Weight-space combination gives a more mixed picture.
Averaging the weights of models fine-tuned from one
pretrained network with different hyperparameters often
improves accuracy over the best single model (Wortsman
et al.,, 2022). Merging models fine-tuned on different
tasks into one model, by contrast, can lose accuracy
through interference between their parameter updates,
from redundant values and from disagreement in sign,
which is what methods such as TIES-Merging were
designed to reduce (Yadav et al.,, 2023). Per-chunk
weight averaging improves the chunking setting (Lee and
Storkey, 2024). Across these results, how much is lost by
separate training depends heavily on the combination
rule and on whether the parts share a starting point,
which is the point of this section.

6.3 Ensembles combine features differently from single
networks

There is also a reason to expect a concatenated ensemble
of separately trained networks to read differently from
one network, even with no data partition at all. In the
theory of Allen-Zhu and Li (2023), when data have
several independent views that each predict the label,
each independently trained network learns a subset of
them, and an ensemble's gain comes from covering more
views; that gain can be distilled into a single network.
Last-layer retraining results point the same way from the
other side: networks that rely on simple spurious
features often still learn the core features, which a re-
trained linear head can then use (Kirichenko et al.,
2023). Both results show that what a linear probe on
frozen features can read depends on which features each
backbone happened to learn and how they are pooled,
not only on what data each saw. The anchor's PCA
control addresses the width of the concatenation; it does
not address whether four networks' features, pooled and
projected, are the right comparison for one network's
features.

6.4 What this account predicts

If the combiner carries part of the residual, then
changing it should move the residual at fixed members:
averaging member predictions, training one student by
distillation from the ensemble on only the current
chunk's inputs, or averaging member weights where they
share an initial model. It also predicts that members
trained deliberately for combination, for instance with
weaker regularisation or earlier stopping, should form a
better ensemble than members trained to the end of a
full schedule, even though each member alone is worse.
The second prediction is the divide-and-conquer theory's,
carried over without proof to deep networks.

7. Account three: what is retained

7.1 Perfect retention of parameters is not perfect
retention of information

The third-facet reading rests on the idea that a learner
with perfect stability and plasticity can still miss what
joint training finds. That is true for a learner that retains
the wrong object. It is not true for every learner. In exact
Bayesian inference, updating on one chunk and then on
the next yields the same posterior as updating on their
union. A learner that carried the full posterior from
chunk to chunk would lose nothing by seeing the chunks
apart. Practical continual learning methods approximate
this: elastic weight consolidation keeps a quadratic
approximation to the earlier loss around the earlier
solution (Kirkpatrick et al., 2017), which Huszar (2018)
read as an approximation to Laplace propagation,
showing that its quadratic penalties, as originally stated
for more than two tasks, are inconsistent with that
derivation and may double-count earlier data;
variational  continual learning  propagates an
approximate posterior (Nguyen et al., 2018). Each fails
to the extent that its approximation discards information
about the earlier loss surface.

Theory states the requirement sharply. Knoblauch et al.
(2020) show that a continual learner that is optimal in
their sense, never forgetting, must in general solve an
NP-hard problem and must have perfect memory, which
they define as storing enough of the past to distinguish
the relevant sets of hypotheses, and they note that this
explains why replay and core-set methods outperform
regularisation. Peng et al. (2023) define an ideal
continual learner that never forgets by construction,
under the assumption that all tasks share a common
global minimiser, and connect it to multitask learning
and to rehearsal. Neither result is about co-observation,
but together they say that what separates a sequential
learner from a joint one, in principle, is how much
information about earlier data it keeps, not the bare fact
that the data arrived apart.

Seen this way, the anchor's ensemble is a learner that
retains the second of the four objects in Section 2, the
features at the end of each stage. It does not retain the
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earlier chunks' loss surfaces, and it cannot use later data
to revise what earlier features encode. Replay retains a
sample of the earlier data, which is a noisy estimate of
the fourth object, and so it should, and does, recover
more as the sample grows. Calling what is recovered "co-
observation" and calling what is retained "perfect
retention” puts a name on the difference between
retaining features and retaining data that is accurate, but
the name suggests a separate process where the evidence
shows a difference in what is kept.

7.2 Forgetting and distance from the joint solution are
different quantities even in linear models

A second theoretical result shows that the anchor's
dissociation, low forgetting with a remaining gap to joint
training, is not specific to deep networks or to a third
mechanism. Evron et al. (2022) analyse an
overparameterised linear model fitted to a sequence of
tasks. They bound forgetting when tasks recur cyclically,
by a quantity that falls with the number of iterations,
and contrast it with convergence to the offline solution,
which, by results on alternating projections, can be
arbitrarily slow. A linear learner can therefore forget
little while remaining far from what joint training would
reach. Lin et al. (2023) give explicit expressions for
forgetting and generalisation error in overparameterised
linear models and analyse how overparameterisation,
task similarity and task ordering affect each. In both
analyses the gap to the joint solution follows from the
geometry of sequential projection; no additional factor is
needed.

7.3 Features learned but not used

The conceptual argument also supposes that shared
features, once not needed on the first chunk, are never
learned. Results on spurious correlation suggest that
networks often learn more than they use. Kirichenko et
al. (2023) found that classifiers relying on backgrounds
still encoded core features that a re-trained last layer
could exploit. Shah et al. (2020) found the opposite
extreme in their synthetic datasets, where networks
relied exclusively on the simplest feature and remained
invariant to more complex predictive ones. Which
regime applies to the anchor's chunks is not known, and
the linear probe the anchor uses is precisely the tool that
would reveal learned-but-unused features. Since its
probes are trained on all the data, the residual shows
that the ensemble's features support less accuracy, not
that the shared features were never learned.

8. Account four: the time scale of interleaving

8.1 Joint training does not observe data
simultaneously either

Joint training with stochastic gradient descent never sees
all the data at once. It sees one mini-batch at a time, and
the "joint" in its name refers to the interleaving of data
from the whole distribution on the time scale of a single

step. Replay with a small buffer interleaves earlier data
at a lower rate. Naive sequential training interleaves on
the time scale of a stage. Co-observation, in the
operational sense, is therefore not a binary condition but
a position on a continuum of interleaving time scales,
and the anchor's design samples only the two ends.

The distributed optimisation literature has studied this
continuum in detail. Local SGD runs SGD independently
on several workers and averages their parameters every
so often. Stich (2019) proved that for convex problems it
converges at the same rate as mini-batch SGD in the
number of gradients evaluated, while communicating far
less. Lin et al. (2020) found that a variant that switches
to local updates late in training generalises better than
large-batch training. Woodworth et al. (2020) proved
that for quadratic objectives local SGD strictly dominates
mini-batch SGD, and gave a lower bound showing that
for general convex objectives it does not dominate.
Federated averaging, which runs several local epochs on
each client between averages, was robust to non-
identically distributed client data in its original
evaluation (McMahan et al., 2017); later work found
accuracy losses of up to 55 percent when every client
holds a single class, explained them by divergence of the
clients' weights, and raised CIFAR-10 accuracy by 30
percent by sharing a global subset of 5 percent of the
data with all clients (Zhao et al., 2018). The pattern
across these results is that separating optimisation into
long local runs costs little when the parts are identically
distributed and the combination is frequent, and costs a
great deal when the parts differ.

8.2 Re-occurrence and resampling recover what one
pass cannot

If the cost of separate training is a matter of time scale,
revisiting chunks should recover it. Lesort et al. (2022)
trained deep networks with plain SGD on long sequences
of tasks in which data re-occur sparsely, and found that
overall accuracy improves over the sequence despite
catastrophic forgetting at each step; forgetting had a
limited effect on knowledge accumulation. Lee and
Storkey (2024) make the same point for chunking: if a
learner could resample chunks it would approach offline
accuracy, which is standard for online learning. Neither
result separates sample size from interleaving, since
revisiting both adds exposures and shortens the effective
time scale. Both show that the deficit of a single
sequential pass is not a fixed property of having seen the
data apart.

8.3 Interleaving and blocking in human learning

Human category learning is often taken as the natural
analogue, and it does not give a uniform verdict. Kornell
and Bjork (2008) found that interleaving paintings by
different artists improved later induction of each artist's
style compared with presenting each artist's paintings
consecutively, even though Ilearners judged the
consecutive schedule more effective. Carvalho and
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Goldstone (2014) found that whether interleaving beats
blocking depends on the structure of the categories and
on the temporal arrangement. Flesch et al. (2018)
compared humans and neural networks learning two
tasks, and found that humans, but not the networks,
benefited from blocked training, especially when they
started with a bias to keep the tasks apart. The
complementary learning systems account explains the
brain's reliance on slow, interleaved learning in
neocortex as a way to avoid interference while extracting
shared structure (McClelland et al., 1995). The human
record supports the claim that the schedule of exposure
changes what is learned. It does not support the claim
that simultaneous exposure is always better, and in the
one direct comparison located here, the schedule that
suited humans was not the one that suited networks.

8.4 What this account predicts

If interleaving time scale is the operative variable, then
at a fixed set of chunks and a fixed total budget the
residual should shrink smoothly as the number of
consecutive steps per chunk falls from a full stage toward
one mini-batch, with no further benefit once the time
scale is short relative to how fast the network's features
drift. This prediction can be separated from the sample-
size account by holding the stage's data fixed and
varying only the schedule.

9. Where joint training is and is not the upper
line
The anchor's reading is strongest where chunks differ in

distribution and weakest where they are identical. The
published record shows both cases.

Cross-partition structure that only joint exposure
reveals. In class-incremental learning, a classifier must
separate classes that were never seen together. Soutif-
Cormerais et al. (2021) ablated the learning of cross-task
features with basic replay and concluded that forgetting
is not the main cause of low class-incremental accuracy,
and that methods must also improve the quality of cross-
task features, especially when tasks have little data.
Busch et al. (2025) built a continually confounded
dataset in which a spurious correlation that differs across
tasks is easy to ignore under joint training but hard to
avoid sequentially, and standard continual learning
methods failed to ignore it. The anchor's MNIST
construction is of the same kind. In these cases, joint
exposure supplies information that no single chunk
contains, and the mechanistic sense of co-observation
applies.

Joint training is not always the upper line. Wu et al.
(2022) designed a continual self-supervised setting in
which each task learns invariance to one family of
augmentations, and found that continual learning often
beat multitask learning, which they attribute to tasks
that act adversarially when learned jointly. Multitask
learning itself has a long record of tasks that compete:
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grouping tasks into separate networks can beat one joint
network (Standley et al., 2020), and conflicting gradients
across tasks are one identified cause (Yu et al., 2020).
The classical case for joint training, that related tasks
supply a mutually useful inductive bias (Caruana, 1997;
Baxter, 2000), is a claim about related tasks. Curriculum
results suggest that for standard benchmarks the order of
examples matters little: randomly ordered schedules did
as well as or better than curricula and anti-curricula (Wu
et al., 2021).

Even full replay is not joint training. The incremental
joint arm is itself a continual learner with a perfect
approximation to the joint loss. De Lange et al. (2023)
showed that replay, distillation and regularisation
methods suffer a temporary but substantial drop in
accuracy on earlier tasks at each task boundary, the
stability gap, and Hess et al. (2023) showed that the
drop persists even when the objective is a perfect
approximation to the joint loss. Mirzadeh et al. (2020)
found that training choices such as dropout, learning-
rate decay and batch size change how much is forgotten.
The incremental joint arm's position relative to offline
joint training therefore depends on its optimisation
schedule, which the anchor holds fixed across arms by
design and acknowledges as a limitation.

10. What happens at scale

The anchor hypothesises that co-observation matters
most in continual pretraining, where the backbone is
substantially updated, and points to language-model
results as suggestive (Hess et al., 2026, Section 6.2). The
large-scale record is informative, though not in a way
that isolates co-observation.

In continual pretraining of language models, Ibrahim et
al. (2024) started from models pretrained on 300 billion
tokens of the Pile and continued on 300 billion tokens of
SlimPajama or 200 billion of German Common Crawl, at
405 million and 10 billion parameters. With re-warming
and re-decaying of the learning rate alone, the continued
models reached average final validation losses of 1.99
(10 billion, English shift), 2.47 (405 million, English)
and 2.34 (405 million, German), against 1.87, 2.35 and
1.75 for models trained from scratch on the union.
Adding 5 percent replay for the English shift and 25
percent for German gave 1.89, 2.37 and 1.75, and
average evaluation scores of 47.7, 35.1 and 32.5 against
48.0, 34.3 and 32.4 for the union baseline. (The
differences, 0.12, 0.12 and 0.59 without replay and 0.02,
0.02 and 0.00 with it, are the author's arithmetic.) Gupta
et al. (2023) had earlier studied warm-up strategies for
continued pretraining of a 410-million-parameter model,
starting from the hypothesis that the learning rate must
be raised again to train efficiently on new data. The
anchor reads the need for replay here as consistent with
co-observation, and it is. It is equally consistent with
forgetting, which is how Ibrahim et al. frame it, and the
two readings make the same prediction in this design.
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What the language-model results add is a calibration of
size. A first chunk of 300 billion tokens, trained in
roughly a single pass, plus a 5 percent replay stream,
leaves almost nothing to recover. The anchor's first
chunk is a quarter of CIFAR-100 or of ImageNet-100,
trained for about 100 passes in the supervised
CIFAR-100 case, and a 30 percent buffer leaves 40 to 86
percent of the residual at the fourth chunk. Both
observations fit the sample-size and repetition account of
Section 5. Neither discriminates it from co-observation.

In time-continual training of CLIP models, Garg et al.
(2024) found that warm-starting from the last
checkpoint and replaying all past data came within 1
percent of retraining from scratch on dynamic
evaluations, at a quarter to two-fifths of the compute. On
static tasks the gap to retraining stayed small at small
scales but reached 4.7 percent at their large scale and
1.8 and 4 percent in two extra-large configurations. That
replay-everything arm is the large-scale analogue of
incremental joint training, and the gap to from-scratch
training on static tasks is the analogue of the anchor's
plasticity term, not its residual; Garg et al. add that
training these models "with slightly extra compute
bridges the gap" while remaining at least 2.7 times more
computationally efficient.

In self-supervised pretraining with identically distributed
chunks, the result of Hu et al. (2022) discussed in
Section 5.2 is the most direct large-scale test of the
chunking claim: naive sequential MoCo-v2 on quarter-
ImageNet chunks ended about one point from joint
training in transfer. Hu et al. also found that self-
supervised models forget less than supervised ones and
related this to their representations and to the sharpness
of the minima they reach. The anchor reports the
opposite pattern on ImageNet-100, with naive-to-joint
gaps of 7.17 and 15.52 points for its self-supervised
settings against 5.41 for supervised training; the
difference in chunk size, evaluation and objective is
large enough that the paper does not treat this as a
contradiction, but it is a reason to doubt that the
anchor's self-supervised gaps generalise upward.

Two further lines bear on scale without settling it.
Generic pretraining makes sequential fine-tuning forget
less than random initialisation does (Mehta et al., 2023).
And when memory is abundant but retraining is too
expensive, the main difficulty shifts from stability to
plasticity, with simple replay outperforming more
elaborate methods at a fraction of the cost (Cho et al.,
2026). An earlier large-scale study argued that compute
rather than storage is the binding constraint in practice
and evaluated continual learning methods under
compute budgets accordingly (Prabhu et al., 2023), and
a survey of the field found memory-constrained settings
dominant in published work while several open
problems that need continual learning, faster retraining
among them, are not memory-bound (Verwimp et al.,
2024). None of these studies measures a residual of the
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anchor's kind. Whether one exists at scale is not known.

11. Consolidated evidence

Table 1 collects the measured values the argument rests
on, one row per published result, with the account each
bears on. Values are as reported by the cited source
except where a row says "derived", which marks the
author's arithmetic on the source's published numbers.
Metrics differ across rows and should not be compared
across sources.

Three patterns stand out in Table 1. First, the residual is
clearly present in the anchor's design. Two studies vary
chunk size within one design. In Lee and Storkey the gap
between chunked and offline training shrinks as chunks
grow. The anchor's extension from 4 to 8 and 12 chunks
of ImageNet-100 reports that the gap between the
ensemble and incremental joint training persists at the
smaller chunk sizes (Hess et al., 2026, Appendix E),
which the sample-size account also predicts; the anchor's
tables cover only the four-chunk runs, and the extension
does not go to larger chunks, so neither study shows
whether the residual vanishes as chunks grow large. Hu
et al. and Ibrahim et al. each supply one large-chunk
point with a small gap. That is consistent with the
sample-size account but does not by itself show the
trend, and Ibrahim et al.'s gap is the same at 405M and
10B parameters. Second, the rows that show separate
training failing badly (Zhao et al., Soutif-Cormerais et
al., Busch et al.) all involve partitions that differ in
distribution; the rows with identically distributed
partitions show small or no losses when combination is
frequent or regularisation is set for the whole sample.
Third, no row varies the passes per example, the
members' initialisation or the combiner while holding
the others fixed, which is why the question remains
open.

12. An attribution procedure

Before a gap between a perfect-retention baseline and
joint training in some setting S is put down to the
absence of joint exposure, it should survive the controls
in Algorithm 1. They are listed from least to most
expensive, and the inexpensive ones already address
most of the alternatives raised in Sections 4 to 8.

Three points about the procedure. First, steps 2 to 4 cost
little relative to the anchor's experiments and address the
path dependence of Section 4 and the repetition
confound of Section 5.4. A cold-start ensemble is the
cleanest single control: if its residual equals the warm-
start ensemble's, warm-starting is not the explanation; if
it is smaller, part of the residual was warm-start damage.

Second, step 6 is the sharpest discriminating test the
paper can identify. The co-observation account says that
replay helps because replayed data come from other
chunks and are seen alongside the current one. The
sample-size account says that replay helps because it
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Table 1. Published results on the gap between sequential and joint training, with the account each bears on. LP is linear-probe accuracy; 1J

is incremental joint training; ens. is the forgetting-free ensemble.

Reference
Source Setting Sequential arm arm Reported value Bears on
Hess et al. 2026 SL, CIFAR-100, 4 chunks ensemble J LP 70.39 vs 74.29 residual exists
Hess et al. 2026 SL, IN-100, 4 chunks ensemble J LP 80.55 vs 82.75 residual exists
Hess et al. 2026 Barlow, IN-100 ensemble 1J; offline joint LP 71.25 vs 73.50; 76.42 plasticity term larger
Hess et al. 2026 I-JEPA, IN-100 naive; ensemble  1J; offline joint LP 53.83; 59.82 vs 62.64; plasticity term larger
69.35
Hess et al. 2026 IN-100, 30% replay, replay ens.-to-IJ gap  33% / 60% / 14% closed "half the gap" in part
chunk 4 (derived)
Hess et al. 2026 I-JEPA, 15% replay replay ensemble LP 56.59 vs 59.82 replay below ensemble
Hess et al. 2026 CIFAR-100 budget naive stage 1J stage 4 ~100 vs ~25 passes per repetition differs
example (derived)
Lee and Storkey DER + +, CIFAR-100 chunked, no shift offline 63.35 vs 73.72 chunking costs ~half of CL
2024 drop
Lee and Storkey CIFAR-100, chunk size 1,000 per chunk  one chunk ~45 vs ~73 gap grows as chunks shrink
2024
Hu et al. 2022 MoCo-v2, ImageNet, 4 naive sequential  joint 1.04 pt gap, 12 datasets small gap, large chunks
1ID chunks
Hu et al. 2022 supervised, same chunks naive sequential joint 4.83 pt gap objective matters
Ash and Adams 2020 ResNet-18, CIFAR-10, warm start from  random init 51.7 vs 56.2 warmb-start loss, no shift
SGD 50%
Ash and Adams 2020 logistic regression warm start random init 39.6 vs 40.5 convex case barely affected
Ibrahim et al. 2024 10B LM, Pile to LR re-warm, no union loss 1.99 vs 1.87 replay needed
SlimPajama replay
Ibrahim et al. 2024  same, 5% replay LR re-warm + union loss 1.89 vs 1.87 small replay suffices at scale
replay
Ibrahim et al. 2024 405M, to German, 25% LR re-warm + union loss 1.75 vs 1.75 gap closes

Garg et al. 2024
Zhao et al. 2018
Zhang et al. 2013

Muennighoff et al.
2023

Hernandez et al.
2022

Soutif-Cormerais et
al. 2021

Busch et al. 2025

Wau et al. 2022

replay
CLIP, replay all past data

federated, 1 class per

client

kernel ridge, random
split

LM, fixed compute
800M LM
class-incremental

confounded CLEVR tasks

augmentation-invariance
tasks

replay

warm start

local +
averaging

averaged local
fits

up to 4 epochs
0.1% repeated
100x

replay variants

CL methods

continual

from scratch
centralised
full fit
unique data
unique data
cross-task
ablation
joint

multitask

within 1% dynamic; 4.7%
static

up to 55% lower
minimax rate kept
negligible loss change
~400M-model level
forgetting not main cause
sequential fails to ignore

confounders

continual often better

1J-type gap at scale

separate training costs when
parts differ

combiner and regularisation
repetition threshold
repetition harms
cross-partition features

cross-partition structure

joint not always upper line

enlarges the stage's dataset and lowers repetition. Giving
the learner the same number of fresh, never-seen
examples from the same distribution separates the two:
under the first account fresh data should help less than
replay, since it contains no earlier chunk; under the
second it should help as much or more, since it adds new
information as well as size. In an identically distributed
stream, fresh data are available by construction.

Third, steps 10 to 13 are ordered so that a residual is
labelled co-observation only after the more ordinary
explanations have been ruled out, and the label carries
the setting and chunk size it was measured at. Applied to
the anchor, the procedure stops at step 1 for seeds and
intervals (three seeds, six for the main I-JEPA arms, and
standard errors only), and steps 2 to 8 have not been
run. The anchor's PCA control is a version of step 7 for
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width only; its distillation ablation varies the members'
retention but none of the variables in steps 2 to 8.

13. The strongest case against this reading

"On identically distributed chunks, 'more data per fit'
is what co-observation means. The paper has
renamed the effect, not explained it away." This is the
most serious objection, and it is partly right. In the
operational sense, the anchor's residual is a real cost of
seeing the data in pieces, and for a practitioner it does
not matter what it is called. The difference is in what
follows. If the residual is per-fit sample size, it should
vanish as chunks grow, it should not need data from
other chunks to be repaired, and continual learning
methods should target it by enlarging or re-using each
stage's data. If it is a cross-chunk dependency, it should
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Algorithm 1. Attributing a sequential-to-joint gap to co-observation

chunks D_1..D_T of one dataset;
naive N, warm ensemble E_w,

Input: architecture £f;

arms:

2 add cold-start ensemble E_c

3 record passes per example per stage for every arm
4 rerun E_w and IJ with passes per example matched
fixed iterations); report the residual R =
6 fresh-data control: give the naive learner,
7 vary the combiner at fixed members:
weight average (if shared init),
8 vary interleaving:
stored data, k from one batch to one stage,
joint exposure} using arms {N, E_w, E_c, IJ,
10
label "per-fit sample size", scoped to (f, S)
elif R shrinks to its interval under some combiner
label "combination deficit"
elif R(k)
label "interleaving time scale"

11
12
13 else:

repetition, warm start or combiner", scoped to

14 separately: if chunks differ in distribution,

9 compute Shapley shares over the orders of {retention,
IJ_c,
if R(|D4L|) -> 0 as |D7t| grows, or fresh data matches replay (step 6):

total budget B;
incremental joint IJ,
1 report all arms at every stage with >= 5 seeds and intervals over seeds
(member t trained from scratch on D_t)

and cold-start incremental model IJ_c (from scratch on D_1..D_t)

(fixed epochs,
- acc (E_w)
5 sweep chunk size |D_t| over >= 3 values at fixed total data; fit R(|D_t])
at stage t, m fresh examples
from the same distribution instead of m replayed examples

acc (IJ)

concatenate+project,
distillation into one student
split each stage into blocks of k steps per chunk with
at fixed data and budget
warm start,

J}

(step 7):
falls smoothly with k and vanishes at short k
label "co-observation residual not explained by sample size,
(£,

test a cross-chunk
evaluation task as in the anchor's MNIST construction

S,

joint J

not
both ways

prediction average,

(step 8):

[p_t|)

persist at large chunk sizes and should need joint
exposure. The two readings make different predictions
(Section 5.5), and the anchor's design cannot tell them
apart. Naming the effect a third facet, distinct from
forgetting and plasticity, commits to the second reading
before the test.

"The MNIST experiment shows a genuine cross-
chunk effect, so the mechanism exists." It does, and
Section 9 places it with the class-incremental and
confounding results where the mechanism is well
supported. The anchor's claim is broader: that the effect
is generic and does not require any particular
distribution shift (Hess et al., 2026). The MNIST case has
a shift built in by design. The chunking experiments are
the evidence for genericity, and they are the experiments
in which the alternatives of Sections 5 to 8 are not
controlled.

"The training budget was held fixed, so replay's
advantage cannot be more optimisation." The total
number of iterations was held fixed. The number of
passes per example was not, and it falls as the buffer
grows (Section 5.4). Holding iterations fixed controls
compute; it does not control repetition.

"The PCA control shows that the ensemble's shortfall
is not about capacity, and the distillation ablation
shows it is not about transfer." Both controls are real
and the paper credits them. The PCA control shows that
a wider concatenation does not explain the residual; it
does not show that concatenation is the right way to
combine separately trained networks (Section 6). The
distillation ablation shows that members with better
retention do not form a much better ensemble; it does
not change the members' initialisation, sample size or
repetition (Section 4).
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"Lee and Storkey attribute the chunking drop to
forgetting, and the ensemble removes forgetting. The
residual is exactly what their account cannot
explain." This is a fair reading of the anchor's
contribution relative to Lee and Storkey: the ensemble
shows that something survives perfect retention of
features. But Lee and Storkey's forgetting is measured as
a fall in accuracy on a chunk's training data to test level,
and their candidate cause is overfitting to the current
chunk. An ensemble keeps each member's fit to its own
chunk, overfitted or not. Perfect retention of an
overfitted representation is not a remedy for overfitting,
so a residual that survives it is consistent with their
account as well as with co-observation.

"Self-supervised objectives are thought to be robust
to forgetting, yet the anchor finds large gaps for
them, which strengthens the case for a non-
forgetting factor." The anchor's self-supervised gaps are
large, but most of each is not the residual: in both self-
supervised settings the plasticity term is the largest of
the three (Figure 1). And in the closest large-chunk
comparison, naive sequential self-supervised pretraining
came within about a point of joint training (Hu et al.,
2022). If anything, the self-supervised results point to
warm-start and sample-size effects more than to a third
factor.

14. Studies that would settle the open part

Five studies, each feasible at the anchor's scale with its
released code, would close most of what remains.

The fresh-data control. In the anchor's supervised
ImageNet-100 setting, replace the replay buffer at each
stage by the same number of fresh, held-back examples
from the same distribution, at matched iterations. If
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fresh data recover as much of the residual as replay, the
residual is a sample-size effect; if replay recovers more,
cross-chunk exposure is doing work that sample size
does not. This is step 6 of Algorithm 1 and requires
holding out part of the training set before chunking.

Cold-start arms and Shapley shares. Add a cold-start
ensemble and a cold-start incremental model to the
anchor's four arms, and report the residual and the
Shapley shares of retention, warm start and joint
exposure (step 9). This would show how much of the
residual is the members' warm-start damage, which the
warm-start literature predicts is not small (Ash and
Adams, 2020; Shin et al., 2024).

A chunk-size and repetition grid. Cross chunk size (for
instance 4, 8 and 16 chunks of a fixed dataset, and the
same number of chunks of a dataset four times larger)
with passes per example (fixed epochs versus fixed
iterations), and fit the residual as a function of both. The
anchor's extension to 8 and 12 chunks scaled iterations
to keep the total budget constant (Hess et al., 2026,
Appendix E). Since chunk size and per-chunk iterations
both fall in proportion, each naive or ensemble member
still passes over its chunk about 90 times while the
chunk shrinks, but the incremental joint arm's passes per
example fall, so the comparison between the arms still
mixes chunk size with repetition (author's arithmetic, as
in Section 3.1).

Combiner variants at fixed members. Combine the
same four members by concatenation and projection, by
prediction averaging, and by distillation into one student
trained only on the last chunk's inputs, and train a
second set of members with early stopping or weaker
regularisation for combination. If any combiner or
member regime brings the ensemble to incremental joint
training, the residual is a combination deficit (Section 6).

An interleaving sweep. With all data stored, train on
the four chunks in blocks of k consecutive steps per
chunk, from one mini-batch to one full stage, at fixed
total budget and fixed data. The residual as a function of
k would show whether co-observation has a time scale,
and where it sits relative to the learning-rate schedule
(Section 8).

15. What is not known

It is not known whether the residual between a perfect-
retention ensemble and incremental joint training
persists when each chunk is large relative to what the
model needs. Every measurement of it uses chunks of
one quarter (or, in an extension, one eighth or one
twelfth) of CIFAR-100 or ImageNet-100.

It is not known how much of the residual is warm-start
damage in the ensemble's members. No study has run a
cold-start ensemble in this design.

It is not known whether fresh same-distribution data
repair the residual as well as replayed data do. This is
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the test that would separate sample size from cross-
chunk exposure, and it has not been run.

It is not known whether a different combination of the
same members would close the residual. Only
concatenation, with and without projection, has been
tested.

It is not known whether co-observation, in the
mechanistic sense, operates on identically distributed
data at all. The cases where joint exposure demonstrably
supplies information that no chunk contains all involve
partitions that differ.

16. Limitations

The design limitations of the cited experiments carry
over to this analysis. The anchor is a recent preprint,
read in its first version; a later version may add arms or
intervals that address some of the points above. Several
sources are preprints, including the anchor, the
abundant-memory study and several of the theoretical
papers, and the paper uses them for the existence and
direction of effects rather than for exact sizes. The
decomposition in Figure 1 and the replay shares are
arithmetic on the anchor's means and do not carry its
standard errors forward; with three seeds and standard
errors of up to about one point in some I-JEPA cells, the
smaller shares are imprecise. Cross-study comparisons in
Sections 5 and 10 cross architectures, objectives, datasets
and evaluation protocols, and are used only for
direction. The theoretical results invoked in Sections 6
and 7 concern kernel ridge regression, linear models and
idealised learners, and the paper uses them to show that
a residual is not forced by sequential exposure in
general, not to predict its size for deep networks. Finally,
the paper does not evaluate the practical value of the
anchor's framing, which may be considerable: a name for
the gap that perfect retention leaves can direct method
design even before its cause is settled.

17. Conclusion

The 2026 study measured something real. In four
settings, a forgetting-free ensemble of sequential
checkpoints falls short of incrementally joint training by
2 to 4 linear-probe points at the fourth chunk, and that
shortfall is not explained by forgetting or by the
plasticity loss that the study measures. The study names
it co-observation and calls it a third facet of continual
learning.

The name runs ahead of the evidence in three ways. On
identically distributed chunks, observing the chunks
together is the same thing as fitting each model on more
data, so the residual cannot be separated from per-fit
sample size by the design used, and the passes per
example differ fourfold between the arms being
compared. The ensemble's members carry the warm-start
damage that stationary-data experiments have
documented for years, and the order in which the arms
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are subtracted counts it in the residual. And the residual
compares a particular way of combining separate fits
with a single joint fit, where statistical theory shows that
separate fitting loses nothing in rate when local fits are
regularised for the combination. The sequential-to-joint
gap shrinks as chunks grow in the one study that varies
chunk size upward toward offline training (Lee and
Storkey, 2024), and the anchor's own finer partitions
leave the residual in place. Outside the anchor, the gap is
about a point for self-supervised pretraining on large
identically distributed chunks and closes almost
completely in language-model pretraining with a small
replay stream.

Joint exposure does matter where partitions carry
different information, as class-incremental and
confounded settings show. Whether it matters as a
separate factor when they do not is an open question,
and the experiments that would answer it are
inexpensive: a fresh-data control, a cold-start ensemble,
a chunk-size grid at matched repetition, alternative
combiners and an interleaving sweep. Until they are run,
the gap between perfect retention and joint training is
best reported as what it is, a residual with several
candidate causes, and Algorithm 1 lists the order in
which to test them.
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