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Abstract
Modern deep learning science often assumes that
neural networks learn from a fixed data distri-
bution. However, many practically important
learning problems involve data distributions that
change throughout training. How does such
non-stationarity impact the inductive biases of
deep learning towards models with different struc-
tural, generalisation, and safety properties? A
fruitful testbed for studying inductive bias is
in-context linear regression sequence modelling,
where small transformers display strikingly dif-
ferent generalisation patterns depending on the
diversity of the (fixed) training task distribution.
In this paper, we explore the effect of diversifying
the task distribution across training time, finding
that such temporal diversity leads to an increased
bias towards generalisation over memorisation.

1. Introduction
The science of deep learning aims to understand phenom-
ena exhibited by deep neural networks. As an example
phenomenon, transformers trained on linear regression data
learn different in-context learning algorithms depending on
how many latent regression vectors (or tasks) they encounter
during training (the task diversity; Raventós et al., 2023):

• With low task diversity, the transformer learns a spe-
cialised algorithm for distinguishing between the spe-
cific latent tasks encountered during training.

• With high task diversity, the transformer learns a gen-
eral algorithm resembling ridge regression that accom-
modates both training tasks and novel tasks.

This task diversity threshold phenomenon, and other phe-
nomena in similar synthetic sequence modelling settings,
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have enabled us to study deep learning’s so-called inductive
biases. For example, Hoogland et al. (2025) and Carroll et al.
(2025) cast these phenomena as neural networks navigating
a trade-off between training loss and model complexity.

Prior work in this vein has considered independently and
identically distributed sequence data. However, many impor-
tant learning problems involve data that is non-identically
distributed. For example, modern foundation models un-
dergo multiple stages of pre- and post-training, all with
different data distributions (Ouyang et al., 2022). More-
over, curriculum learning methods deliberately alter the data
distribution throughout training (Bengio et al., 2009), and
on-policy (multi-agent) reinforcement learning algorithms
generate experience data using the latest policies (Sutton &
Whitehead, 1993; Papoudakis et al., 2019). Finally, due to
the dynamic nature of our world, many data generating pro-
cesses encountered in practice evolve over time (Clements
& Hendry, 1999; Milly et al., 2008; Nestor et al., 2019).

The introduction of non-stationarity has the potential to alter
the way deep learning selects between models with different
structures and behaviours. Understanding the principles gov-
erning this selection is key to ensuring the safety of future ad-
vanced learning systems (Wentworth, 2021; Pepin Lehalleur
et al., 2025). With this motivation in mind, we offer the
following contributions:

• We extend the synthetic sequence modelling problem
of Raventós et al. (2023) to allow for a dynamically
varying distribution of latent tasks (Section 3).

• We show experimentally that increasing the rate of
change of the task distribution decreases the task diver-
sity threshold (Section 4), below which the transformer
tracks the changing set of latent tasks (Section 5).

• We discuss possible explanations of this phenomenon,
including that learning is biased towards both model
simplicity and, newly, model stability (Section 6).

Our results suggest that non-stationary deep learning ex-
hibits an inductive bias of a somewhat richer nature than
that exhibited in stationary learning, motivating further study
into the extent and mechanism of this phenomenon in this
and similar deep learning settings.
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2. Related work
Inductive biases in synthetic sequence modelling. Ma-
chine learning problems are often underspecified, meaning
that the provided data do not identify a unique solution
model (Breiman, 2001, §8). Inductive biases refer to the
combined effects of the architecture and learning algorithm
in determining the model chosen by a learning process
(Mitchell, 1980). In modern deep learning, transformers
trained on synthetic sequence modelling data (Garg et al.,
2022) have furnished striking examples of critical thresholds
at which the solutions found by the learning process change.
Examples of such phenomena include the emergence of
in-context learning given data sets with certain properties
(Chan et al., 2022), or a transition between specialised and
generic in-context learning algorithms with increasing task
diversity (Raventós et al., 2023; He et al., 2024; Park et al.,
2025). To the best of our knowledge, no prior work has
studied the inductive biases of non-stationary synthetic se-
quence modelling.

Learning from non-stationary data. Non-stationarity
is core to the problems studied in the literatures on life-
long/continual learning (Schlimmer & Fisher, 1986; Thrun
& Mitchell, 1995; Chen & Liu, 2018; Parisi et al., 2019;
Wang et al., 2024); concept drift or non-stationary learn-
ing (Widmer & Kubat, 1996; Tsymbal, 2004; Ditzler et al.,
2015); and reinforcement learning (Sutton & Whitehead,
1993; Sutton & Barto, 2018; Papoudakis et al., 2019; Igl
et al., 2021). Note that most prior work in these settings
aims to engineer architectures or learning algorithms pur-
suant to various learning objectives. In this work, we instead
aim to advance scientific understanding of the phenomena
that non-stationarity induces in mainstream architectures
and learning algorithms—comparable to work studying phe-
nomena like catastrophic forgetting (McCloskey & Cohen,
1989; Ratcliff, 1990; French, 1999; Goodfellow et al., 2014)
or hysteresis (Igl et al., 2021; Nikishin et al., 2022).

3. Problem setting
We study transformers trained on synthetic in-context linear
regression data, extending the setting of Raventós et al.
(2023) to non-stationary task distributions.

Tasks and sequences. A task is a latent regression vector
t ∈ RD. Given a task t, define a conditional distribu-
tion q(S | t) over sequences S = (x1, y1, . . . , xK , yK) ∈
(RD × R)K by independently sampling inputs xk ∼
N (0, ID) and setting yk = t⊤xk + εk with εk ∼ N (0, σ2).
Define an unconditional sequence distribution q(S) =∫
q(S | t)q(t)dt by first sampling a task from a task distri-

bution q(t) and then sampling a sequence from the corre-
sponding conditional distribution.

Following Raventós et al. (2023), we parametrise a family of

task distributions qM (t) by a task diversity M ∈ N ∪ {∞}.
A task set TM = {t1, . . . , tM} induces the discrete uniform
task distribution qM (t) = Uniform(TM ). We also define
q∞(t) = N (0, ID).

Non-stationary task distributions. In the stationary setting
of Raventós et al. (2023), the task set TM is fixed throughout
training. We generalise this by allowing the task set to
vary with training step τ ∈ {1, . . . , T}, writing TM (τ) =

{t1(τ), . . . , tM (τ)} for the task set at step τ and q
(τ)
M (t) =

Uniform(TM (τ)) for the corresponding task distribution.

Mean squared error objective. Given a sequence S, write
S≤k = (x1, y1, . . . , xk−1, yk−1, xk) for the context when
predicting yk. A predictor f maps contexts to predicted
labels. Given a data distribution q(S), define the population
loss

ℓ(f) = E
S∼q

[
1

K

K∑
k=1

(f(S≤k)− yk)
2

]
. (1)

For a transformer with parameters w, we write ℓ(w) for
the loss of f(·;w), and ℓM (w) or ℓM,τ (w) when the data
distribution is qM or q(τ)M respectively.

Optimal predictors. Raventós et al. (2023) showed that the
optimal estimator for the k-th prediction, minimising the k-
th term in ℓ(f), is the Bayesian posterior mean ŷk = t̂⊤k xk

where t̂k = E[t | S≤k], with the expectation taken over the
task distribution q(t) as the prior.

For finite task diversity (prior qM (t)), the posterior given
context X = [x1 · · · xk−1]

⊤ and y = (y1, . . . , yk−1) is

p(t | X,y) =
exp

(
− 1

2σ2 ||y −Xt||2
)∑M

m=1 exp
(
− 1

2σ2 ||y −Xtm||2
) (2)

for t ∈ TM (and 0 otherwise). The posterior mean then
yields the discrete minimum mean squared error (dMMSE)
predictor, with task estimate

t̂Mk =

∑M
m=1 exp

(
− 1

2σ2

∑k−1
j=1 (yj − t⊤mxj)

2
)
tm∑M

m=1 exp(−
1

2σ2

∑k−1
j=1 (yj − t⊤mxj)2)

. (3)

For infinite task diversity (prior q∞(t)), the posterior is a
Gaussian with parameters

t | X,y ∼ N (µk,Σk),

Σk =

(
1

σ2
X⊤X + ID

)−1

, µk =
1

σ2
ΣkX

⊤y.
(4)

The posterior mean yields the ridge predictor, with task
estimate

t̂∞k = (X⊤X + σ2ID)−1X⊤y (5)

Thus dMMSE is optimal under qM for finite M , but is
specialised to the particular tasks in TM , while ridge is
optimal only under q∞ and generalises to any task drawn
from N (0, ID).

2



Temporal Task Diversity: Inductive Biases Under Non-Stationarity in Synthetic Sequence Modelling

0.0

0.1

0.2

0.3

0.4

q(T
)

M

M
S

E
/

D

10−4

10−3

10−2

10−1

100

∆
q
(
T

)
M

P
T
,
d
M

M
S
E

10−3

10−2

10−1

100

∆
q
(
T

)
M

P
T
,
ri

d
g
e

8 64 512 4096

Task diversity (M)

0.0

0.5

1.0

1.5

2.0

q ∞
M

S
E

/
D

8 64 512 4096

Task diversity (M)

10−4

10−3

10−2

10−1

100

∆
q
∞

P
T
,
d
M

M
S
E

8 64 512 4096

Task diversity (M)

10−3

10−2

10−1

100

∆
q
∞

P
T
,
ri

d
g
e

γ (step size):Ridge dMMSE 0 10−5 10−4 10−3 10−2

Figure 1. Increasing non-stationarity via MALA random walk shifts the dMMSE-ridge transition to lower task diversities. We
show results using the final M tasks at the end of pretraining (top row) and on new tasks drawn from TTrue = N (0, ID) (bottom row), for
transformers trained via tasks updating according to a MALA random walk with step size γ at each step of training. We vary γ from 0
(dark) to 10−2 (light). The left column compares the normalised loss of pretrained transformers (PTs) with increasing static task diversity
M to that of the dMMSE and ridge reference predictors. The middle and right columns show the mean squared distance ∆PT,dMMSE and
∆PT,Ridge between the PT’s predictions and those of dMMSE and ridge respectively. Results averaged across 7 seeds, shaded region shows
±1 standard error. Five outlier runs excluded due to training instability (see Appendix D). At low step sizes, the PT reproduces the results
from the stationary setting in Raventós et al. (2023): it approximates dMMSE at low M and transitions to ridge at high M . As γ increases,
this transition shifts towards lower task diversities. At extremely low task diversity and large step size, training is unstable.

4. Reducing the task diversity threshold
In this section, we show that increasing the rate of change
of the task distribution lowers the task diversity threshold—
transformers learning from a more rapidly varying data
distribution increasingly prefer the ridge solution. We study
two forms of non-stationarity: in Section 4.1, we change the
distribution by a small amount every step, and in Section 4.2
we resample tasks at randomly chosen times.

Following Raventós et al. (2023), we train 8-layer trans-
formers using the problem setting described in Section 3
(see Appendix A for details). After training, we compare
the predictions of the pretrained transformers (PT) to those
of the optimal predictors (dMMSE or ridge) by computing
the mean square prediction differences

∆q
PT,ref = E

S∼q

[
1

KD

K∑
k=1

(
f(S≤k;w)− ŷrefk

)2]
(6)

where ref is either dMMSE or ridge and q is either
in-distribution sequences (q(τ)M ) or out-of-distribution se-
quences (q∞). These metrics serve as estimates of the cor-
responding L2 distances in function space.

4.1. Random walk non-stationarity

First, we introduce non-stationarity by evolving each task
vector independently via the Metropolis-Adjusted Langevin
Algorithm (MALA; Roberts & Tweedie, 1996), a Markov

chain Monte Carlo method that targets N (0, ID) as its sta-
tionary distribution. We initialise tm(0) ∼ N (0, ID). At
each training step τ , each task tm(τ) is updated by first
computing a proposal

t̃m(τ + 1) =
(
1− γ

2

)
tm(τ) +

√
γ ξm(τ) (7)

where ξm(τ) ∼ N (0, ID) and γ > 0 is the step size.
The proposal is then accepted or rejected via a Metropolis-
Hastings step, where tm(τ + 1) = t̃m with probability α
and tm(τ + 1) = tm(τ) otherwise, where

α = min
(
1, exp

[γ
8
(||tm(τ)||2 − ||t̃m||2)

])
. (8)

This ensures that N (0, ID) is the stationary distribution
of the chain so that the marginal distribution of each task
at every training step is N (0, ID) regardless of γ. The
magnitude of the step size controls the rate of change of the
task distribution, so that small γ approximates the stationary
setting with the task distribution changing only slightly
between training steps, while large γ causes the task set
to change quickly over the course of training.

We train a separate model for each combination of static
task diversity M ∈ {2, 4, 8, . . . , 4096} and MALA step
size γ ∈ {10−5, 10−4, 10−3, 10−2}. We also tested larger
step sizes (γ ≥ 10−1), but found that training was unstable
and the transformer converged to neither dMMSE nor ridge.

The results are shown in Figure 1. At step size 0, we re-
cover the stationary results of Raventós et al. (2023), where
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Figure 2. Increasing non-stationarity via resampling shifts the dMMSE-ridge transition to lower task diversities. As in Figure 1,
we show results for both the final M tasks at the end of pretraining (top row) and for new tasks drawn from TTrue = N (0, ID) (bottom
row). We use transformers pretrained with resampling non-stationarity, for which we vary the sample number R from 1 (dark) to 1000
(light). The left column compares the normalised loss of the pretrained transformers (PTs) to that of the dMMSE and ridge reference
predictors. The middle and right columns show the mean squared distances ∆PT,dMMSE and ∆PT,Ridge between the predictions of PT and
those of dMMSE and ridge respectively. Note that these dMMSE and ridge predictions do not depend on R. Results averaged across 7
seeds, shaded regions show ±1 standard error. Two outlier runs excluded due to training instability (see Appendix D). We see again that
the transition from dMMSE to ridge shifts to lower task diversities as the sample number R increases.

varying the task diversity causes the transformers to tran-
sition from approximating dMMSE at low values of M to
approximating ridge at high values of M . As we introduce
non-stationarity by increasing γ, this transition occurs at
lower task diversities. For the lowest task diversity and
largest step sizes, training is unstable (see Appendix D).

4.2. Resampling non-stationarity

We also test the effect of gradually updating the task set
TM (τ) = {t1(τ), . . . , tM (τ)} throughout training by re-
sampling each task at R − 1 randomly selected training
steps. In particular, each task is given by a stepwise func-
tion

ti(τ) =

R−1∑
j=0

1[τi,j ,τi,j+1)(τ)ti,j ∀i ∈ {1, ...,M} (9)

where ti,j
i.i.d.∼ N (0, ID). Each initial sample happens at

training step τi,0 = 1, and the updates occur at steps

τi,j = T

j∑
k=1

δi,k ∀j ∈ {1, ..., R− 1} (10)

where (δi,1, . . . , δi,R)
i.i.d.∼ Dir(1R). Here we use a Dirichlet

distribution since it has the property that
∑R

j=1 δi,j = 1,
allowing each δi,j to represent a proportion of the training
run. Finally we let τi,R = T + 1 so that ti(τ) is defined up
to and including the final training step.

The sample number R controls how often the tasks are
resampled, with R = 1 corresponding to the stationary set-
ting and large R corresponding to frequent task set updates.
We designed this setup so that the tasks are updated asyn-
chronously and at irregular intervals, imitating how a data
distribution might naturally vary over time. Note that the
model sees a total of MR realised task vectors over the
course of training.

We train a separate model for each combination of task
diversity M ∈ {2, 4, 8, . . . , 4096} and sample number
R ∈ {1, 10, 100, 1000}. The results are shown in Figure 2.
As usual, we see transformers trained with low M approxi-
mating dMMSE, while those trained with high M approx-
imate ridge. For R = 1 we recover the stationary results
of Raventós et al. (2023), and as R increases the transition
between dMMSE and ridge shifts to lower task diversities.
Once again, for the lowest task diversities and largest sample
numbers, training is unstable.

5. Continual specialisation
Section 4 shows the effect of increasing non-stationarity on
whether the fully-trained transformer approximates dMMSE
or ridge. In this section, we study the evolution of the
transformer’s behaviour throughout training from multiple
perspectives. We find that those transformers that eventu-
ally approximate dMMSE do so from early in training and
continue to track dMMSE as the task distribution changes.
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Figure 3. Predictions of transformers below the non-stationary task diversity threshold track dMMSE throughout training. We
show the mean squared distance ∆PT,dMMSE and ∆PT,Ridge throughout training. We use a fixed task diversity M = 32 and MALA step sizes
γ ∈ {0, 10−4, 10−3, 10−2, 10−1}. We evaluate on in-distribution sequences from q

(τ)
M (top row) and on out-of-distribution sequences

from q∞ (bottom row). The results are from a single training seed. The first two columns correspond to transformers below the task
diversity threshold for their respective step sizes, and we see that in terms of in-distribution mean squared distance their predictions track
the moving dMMSE reference predictor throughout most of training. See Figure 6 for the resampling non-stationarity analogue.

5.1. Perspectives on transformer behaviour

We analyse our transformers’ behavioural evolution by mea-
suring distances from the reference predictors in two spaces.

1. Prediction space (Section 5.2): We track the mean
square difference ∆q

PT,ref between the predictions of
each transformer checkpoint and each reference pre-
dictor (6).

2. Implicit prior space (Sections 5.3 and 5.4): We es-
timate the transformers’ implicit prior over latent re-
gression tasks using predictive Monte Carlo (Fortini
& Petrone, 2023; 2025; Effiezal Aswadi et al., 2026).
We track energy distance (Székely, 1989; Székely &
Rizzo, 2013) between these distributions and those of
the reference predictors.

Predictive Monte Carlo requires the model to output a full
predictive distribution rather than a traditional point predic-
tion for ŷk. Therefore, for the results in this section, we
train with a variant architecture replacing the transformer’s
point-prediction head with an affine transform that outputs
the parameters of a mixture of Gaussians. At each query po-
sition, the model outputs mixture weights {πg}Gg=1, means
{µg}Gg=1, and variances {σ2

g}Gg=1, defining the predictive
distribution

f(y | S≤k) =

G∑
g=1

πg N (y;µg, σ
2
g). (11)

We fix the number of mixture components G = 4 across all
models. We train by minimising the negative log-likelihood

(Bishop, 1994), using a logsumexp trick for numerical sta-
bility (see Appendix B for details). We also train on longer
sequences (K = 64 in-context examples) to provide suffi-
cient rollout length for predictive Monte Carlo.

5.2. Prediction trajectories

In this section, we use the random walk non-stationarity
setting of Section 4.1 with MALA step size γ ∈
{0, 10−4, 10−3, 10−2, 10−1}. We also focus on a fixed task
diversity of M = 32. This task diversity lies below the
task diversity threshold in the stationary setting, but above
the threshold for sufficiently high γ. It is therefore inter-
esting to see how different values of γ affect the model’s
behaviour throughout training. See Appendix C for analysis
of resampling non-stationarity and all task diversities.

Figure 3 shows the evolution of a transformer’s be-
haviour throughout training. At low step sizes (γ ∈
{0, 10−4}) the transformer’s predictions track those of the
dMMSE reference predictor. At larger step sizes (γ ∈
{10−3, 10−2, 10−1}), we see the model transitioning to pre-
dicting more like the ridge predictor.

For most of training the mean squared differences are ap-
proximately stable for each model. Near the beginning of
training we see some models briefly trend towards ridge
predictions before pivoting back towards dMMSE. This par-
allels the transient ridge phenomenon (Panwar et al., 2024;
Carroll et al., 2025, see also Singh et al., 2024).
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from a single training seed. The first two columns correspond to transformers below the task diversity threshold for their respective step
sizes, and we see that the revealed priors over tasks closely track the changing task distribution for most of training. See Figure 7 for the
resampling non-stationarity analogue.

5.3. Predictive Monte Carlo

Predictive Monte Carlo allows us to sample from the im-
plicit prior and posterior of a Bayes-filtered transformer, as
shown in Effiezal Aswadi et al. (2026). We briefly review
this methodology, following Fortini & Petrone (2023; 2025).
In a supervised setting, a predictive rule is a sequence of con-
ditional distributions fk(·) = p(yk+1 ∈ · | S≤k+1). Under
(sufficient but not necessary) regularity conditions (Fortini
& Petrone, 2023; Fong et al., 2023; Battiston & Cappello,
2025), the predictive distributions converge almost surely
along a rollout: fL ⇒ F̃ as L → ∞, where F̃ is a directing
measure over observations.

Our transformer provides a predictive rule for labels yk
conditioned on S≤k, but not the input distribution. We
therefore construct each rollout by alternating between sam-
pling inputs from the known input distribution and sampling
labels from the transformer: for k = 1, . . . , L, we draw
xk ∼ N (0, ID) and then draw yk ∼ f(· | S≤k) from the
transformer’s predictive distribution.

To recover the transformer’s implicit prior over latent tasks,
we follow the approach developed by Effiezal Aswadi et al.
(2026). For large rollout length L, the generated sequence
from a predictive rule (x1, y1), . . . , (xL, yL) approximates
an i.i.d. sample from F̃ . In the linear regression case, F̃ is
parametrised by a task vector t. Since OLS is the maximum
likelihood estimator, fitting OLS to the generated sequence
gives an estimate of the task vector t that parametrises F̃ .
Starting from an empty context produces samples from the
implicit prior over t. Each rollout converges to a different
realisation of F̃ , so repeating N times produces a Monte
Carlo sample {t̂(i)}Ni=1 from the transformer’s implicit prior
over task vectors.

5.4. Implicit prior trajectories

We study the same random-walk non-stationarity setting
for task diversity M = 32 (see Appendix C for resampling
and all task diversities). For predictive Monte Carlo, we
sample from the implicit prior of the transformer (rolling
out without a prompt). We note that we do not check the
conditions sufficient for convergence. We compute energy
distance using Monte Carlo samples from the reference
priors.

Figure 4 shows that at low step sizes (γ ∈ {0, 10−4}), be-
low the respective task diversity thresholds, the transform-
ers’ revealed priors closely track the task distribution in
terms of energy distance. At intermediate step sizes (γ ∈
{10−3, 10−2}) the revealed prior is somewhere between the
instantaneous task distribution q

(τ)
32 (t) = Uniform(T (τ)

32 )
and the time-average task distribution q∞(t) = N (0, ID).
At step size γ = 10−1 the model’s implicit prior matches
closely the time-average task distribution. These results
complement Figure 3 by showing that the same shift occurs
in latent task distribution space, not only in prediction space.

Computing energy distance from our reference distributions
summarises the implicit prior with a pair of scalars. For a
one-dimensional task distribution (D = 1), we can visualise
the entire implicit prior using a histogram. Figure 5 displays
the evolution of this implicit prior histogram over training
time for a transformer trained against a single varying task
(task diversity M = 1, MALA step size γ = 10−2). We
train for only 100K steps, sampling more densely in the
40K–50K interval to observe the distribution’s dynamics
more clearly. For this configuration, the prior sometimes
tracks the changing task, whereas other times it remains con-
centrated at the origin while the task varies, suggesting we
are near a non-stationary task diversity threshold. See Ap-
pendix C for all step sizes and resampling non-stationarity.
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transformer’s implicit prior over the task vector p(t) (purple) and compare it to the true task t (black), for a one dimensional MALA
setting with task dimension D = 1, task diversity M = 1, and γ = 10−2. The top panel shows 0 to 100K training steps, and the bottom
panel zooms into the 40K to 50K interval. Below each plot we include the (per-token mean) negative log-likelihood on the training batch.

6. Explanations
In this section, we discuss several possible qualitative ex-
planations for the phenomena studied in Sections 4 and 5.
We first dismiss two hypotheses that suggest the transformer
selects its algorithm based on all tasks seen during training
(§6.1, §6.2). We then offer two more nuanced hypotheses,
based on diversity amongst tasks seen in recent steps (§6.3)
and a bias towards inherently stable solutions (§6.4). Our
observations fail to distinguish between these hypotheses,
but we propose considerations for future experiments (§6.5).

6.1. Online Bayesian model selection

Bayesian inference is an idealised model of learning and
therefore a natural candidate model of deep learning phe-
nomena. In the setting of in-context linear regression specif-
ically, Carroll et al. (2025) and Wurgaft et al. (2025) appeal
to Bayesian model selection to explain the dynamic trade-off
we observe between dMMSE and ridge solutions.

It is straightforward to model online learning in a Bayesian
framework. Suppose we draw data S1, . . . , ST indepen-
dently from a time-varying distribution Sτ ∼ q(τ). Given a
prior π0(θ) over some model class, derive a sequence of pos-
teriors using the incremental form of Bayes’ rule, πτ (θ) =
P(Sτ |θ)πτ−1(θ)/P(Sτ |S1, . . . , Sτ−1). Observe, however:
this online formulation is equivalent to full-batch Bayesian
inference, πT (θ) =

∏T
τ=1 P(Sτ |θ)π0(θ)/

∏T
τ=1 P(Sτ ),

and therefore invariant to data order. Thus, this model

cannot predict a distinction between stationary and non-
stationary learning if the long-term time average of the non-
stationary distributions matches the stationary distribution.

Both of our non-stationary learning settings have a long-
term time average task distribution of N (0, ID). Given
enough training to realise the long-term time average, this
should cause the transformers to always learn the ridge
solution (Raventós et al., 2023). Since we observe our
transformers tracking the dMMSE solution for hundreds of
thousands of steps, we rule out this model.

6.2. Total task diversity

Under the non-stationary condition, our transformers see
many more tasks over training than in the stationary setting
with the same finite task diversity. Raventós et al. (2023)
already showed that transformers that see a larger number
of tasks during training are more likely to prefer the ridge
solution. Maybe in the non-stationary setting the choice of
solution is determined not by the instantaneous task diver-
sity M , but by the total number of tasks seen throughout
training—call the latter the total task diversity.

For resampling non-stationarity (§4.2) the number of dis-
tinct tasks seen during training is almost surely R × M .
For random walk non-stationarity (§4.1), the appropriate
effective task diversity is less clear: with small step sizes
acceptance probabilities are usually very high but the dif-
ferences between tasks is extremely small; with sufficiently
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large step sizes the distinctions are more significant but ac-
ceptance probabilities drop. We could use the integrated
autocorrelation time of the random walk as a proxy for the
number of steps required to sample a distinct task. Since
we are sampling from an 8-dimensional isotropic Gaussian,
this quantity should be a small constant.

However, this model predicts much more aggressive low-
ering of the task diversity threshold than we observe. The
total task diversity for many of our training runs exceeds
the stationary task diversity threshold, yet we see many ex-
amples of these transformers converging to the dMMSE
solution. Moreover, these transformers pursue the instanta-
neous dMMSE throughout training. Therefore, we dismiss
the total task diversity hypothesis.

6.3. Effective task diversity within recent memory

In light of the literature on catastrophic forgetting (Mc-
Closkey & Cohen, 1989; Ratcliff, 1990; French, 1999;
Goodfellow et al., 2014), it is not surprising that our trans-
formers are insensitive to tasks encountered early in training.

We can refine the total task diversity hypothesis by sup-
posing the transformer’s selection is made based on the
stationary task diversity threshold, but against an effective
task diversity given by the number of tasks seen recently
(with the exact meaning of “recently” to be defined). For
example, one could posit a fixed number of recent training
steps and take the task diversity of the average distribution.
Or, one could count all tasks seen but decay their contribu-
tion exponentially as they are replaced by new tasks.

For the right definition of effective task diversity, it should
be possible to overcome the aggressive predictions of the
total task diversity hypothesis.

6.4. Optimisation tends towards more stable models

Finally, we offer an alternative hypothesis—in the presence
of non-stationarity, deep learning optimisation trajectories
tend towards models that generalise across time and away
from models that must be continually adapted in the face of
data distribution changes.

The mechanism for this hypothetical tendency would be
that internal model structure that contributes towards stable
predictions will be continually reinforced during gradient-
based training, while structure supporting instantaneous
specialisation has to be continually re-learned.

This hypothesis correctly predicts the qualitative shift in
task diversity we see: the ridge solution is invariant to the
changes in the task distribution we consider, whereas the
dMMSE solution repeatedly changes along with the task
distribution, forcing a transformer that prefers dMMSE to
continually pursue a changing set of tasks.

6.5. Towards distinguishing the latter explanations

The qualitative observation that increasing non-stationarity
decreases the task diversity threshold is insufficient to dis-
tinguish between the effective task diversity hypothesis and
the stability hypothesis. This is a limitation of our experi-
mental design, since increasing non-stationarity coincides
with increasing effective task diversity in our set-up.

Future work should design further experiments to isolate
the contributions of these (or other) explanations to the
observed phenomenon, to the extent possible. We offer
some preliminary thoughts in this direction.

1. The challenge is to design an experiment where a
change in stability comes apart from a change in ef-
fective task diversity. It may be possible to achieve
this by considering a data distribution constructed by
cycling through a fixed pool of tasks. Cycling tasks
makes memorising the current set of tasks unstable,
but effective task diversity is capped at the size of the
task pool.

2. Alternatively, it may be supposed that, regardless of the
precise formalisation of the effective task diversity, the
degree of sensitivity of the transformer to recent tasks
is dependent on the configuration of the architecture
and optimiser (e.g., learning rate) and independent
of the choice of data. It may be possible to fit the
parameters of a “sensitivity window” at one level of
non-stationarity and then see whether these parameters
continue to be predictive at another—any discrepancy
would point to a contribution from another explanation.

We note that both the effective task diversity hypothesis
and the stability hypothesis may have roles to play in a full
explanation of the phenomenon we have studied. Moreover,
they may overlap in that they turn out to offer different
perspectives on similar underlying learning dynamics.

7. Conclusion
We have demonstrated that increasing non-stationarity de-
creases the task diversity threshold for in-context linear
regression transformers. Below this reduced task diver-
sity threshold, transformers continuously memorise an ever-
changing set of latent regression tasks. Above the reduced
task diversity threshold, transformers instead learn the stable
ridge solution that generalises across time.

This temporal task diversity phenomenon provides a new
window into the increasingly important topic of the induc-
tive biases of modern deep learning algorithms, in the im-
portant setting of non-stationary deep learning. We invite
future work that seeks to more precisely characterise and
explain this phenomenon.
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A. Experiment details
Architecture. We use a decoder-only transformer with pre-layer normalisation, learnable positional embeddings, and causal
masking (see, e.g., Elhage et al., 2021; Phuong & Hutter, 2022). Specifically, we use 8 layers, two attention heads per layer,
and an embedding and MLP dimension of 128. A final layer normalisation precedes either a learned affine output head that
maps to a scalar prediction in Sections 4.1 and 4.2, or to a mixture density head which maps to the means, variances, and
mixture weights of a G-component Gaussian mixture in Section 5.

Input tokenisation. Following Raventós et al. (2023), we encode each sequence S = (x1, y1, . . . , xK , yK) as a sequence
of 2K input tokens in RD+1: ((

0
x1

)
,

(
y1
0

)
,

(
0
x2

)
,

(
y2
0

)
, . . . ,

(
0
xK

)
,

(
yK
0

))
.

Output tokenisation. We output token sequences of length 2K, but discard every second token so as to only consider one
prediction per regression example. Each output token is either a scalar prediction ỹk (for the usual point prediction setting)
or 3G scalars (for the mixture density setting, see Section 5.1).

Training. We train each transformer for T = 524K steps using a batch size of B = 256. We optimize with Adam (Kingma
& Ba, 2015) without weight decay. We use a learning rate schedule that increases linearly from 0 to its maximum value η
over a fraction of training steps and then remains constant. For Sections 4.1 and 4.2, the loss is mean squared error over all
K in-context examples. For Section 5, the loss is negative log-likelihood under the mixture density head.

Compute. We use a bespoke transformer implementation modelled after NanoGPT (Karpathy, 2022) and using JAX
(Bradbury et al., 2018). Training one model (524K batches of 256 sequences) took approximately 45 minutes on a single
dual-core TPU v4 device. Predictive Monte Carlo for one checkpoint (5K rollouts of length 64) took around 25 TPU-device-
seconds. Each column in Figure 4 involves 656 checkpoints, thus taking approximately 5 hours (plus transformer training
time). TPUs were provided by Google’s TPU Research Cloud.

Table 1. Summary of hyper-parameters. Where a single hyper-parameter is shared across all experiments, we omit repetitions (—).

Category Hyper-parameter §4.1 §4.2 §5

Data Task dimension (D) 8 — —
Data In-context examples (K) 16 16 64
Data Observation noise variance (σ2) 0.25 — —

Model Number of layers 8 — —
Model Number of attention heads per layer 2 — —
Model Embedding dimension 128 — —
Model MLP hidden dimension 128 — —
Model Layer normalisation Pre — —
Model Prediction head type Point Point Mixture density
Model Mixture components (G) 4

Optimiser Type of optimiser Adam — —
Optimiser Moment estimate decay rates (β1,β2) (0.9, 0.999) — —
Optimiser Weight decay No — —

Learning rate schedule Shape Increase then constant — —
Learning rate schedule Peak learning rate (η) 3× 10−3 — —
Learning rate schedule Warm-up strategy Linear — —
Learning rate schedule Warm-up fraction 10% — —

Experiments Batch size (B) 256 — —
Experiments Training steps (T ) 524,000 — —
Experiments Number of training seeds 7 7 1

Predictive Monte Carlo Number of rollouts 5,000
Predictive Monte Carlo Rollout length 64
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B. Derivation of mixture density head
We replace the point prediction head with a learned affine map to R3G, parametrising a Gaussian mixture model, as in
Bishop (1994). Following the tokenisation scheme described in Appendix A, we keep only the predictions at query positions
(every second token). Each prediction vector is partitioned into G separate logits zπg , means µg, and raw parameters zσg .
We map zσg to a positive real number representing the variance using the softplus function, σ2

g = softplus(zσg ). The logits
could be converted to probabilities πg using softmax though in practice we never use this as we work in log-space in our
implementations.

The loss function is the negative log-likelihood of the observed y under the predicted mixture:

− log p(y | π, µ, σ2) = − log

G∑
g=1

πg N (y; µg, σ
2
g).

For numerical stability, we rewrite each term inside the sum as

πg N (y; µg, σ
2
g) = exp(log πg −NLLg) ,

where

NLLg =
1

2

(
log(2πσ2

g) +
(y − µg)

2

σ2
g

)
is the (Gaussian) negative log-likelihood for component g. This then gives

− log p(y | π, µ, σ2) = − logsumexpg(log πg −NLLg) ,

which avoids evaluating small exponentials directly.
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C. Additional plots
Figures 6 and 7 show the resampling non-stationarity analogues of Figures 3 and 4 from Section 5, exhibiting the same
qualitative behaviour.

Figures 8 to 13 show mean squared prediction differences ∆PT,dMMSE, ∆PT,Ridge and the energy distance to the reference priors
throughout training for random walk and resampling settings. For each metric we show the full grid of training trajectories
with each combination of task diversity M and non-stationarity parameter (γ for random walk, R for resampling). Curves
are Gaussian-smoothed with σ = 3 samples (one sample per 800 training steps). The figures show a decrease in the task
diversity threshold as the degree of non-stationarity increases. For low task diversity and low degree of non-stationarity, the
model can track the moving task distribution. However, as the task diversity increases, and as the degree of non-stationarity
increases, the model struggles to track the moving task distribution, instead differing to the generalising approach.

Figures 14 and 15 show the implicit prior histograms over training time for the dimension D = 1, task diversity M = 1
setting studied in Section 5.4, but for additional MALA step sizes. We also consider resampling non-stationarity (with
uniformly distributed sample events, different from the Dirichlet scheme discussed in Section 4.2). We see that the implicit
prior closely tracks the changing tasks in most cases, though less precisely once the non-stationarity increases.
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Figure 6. Resampling non-stationarity analogue of Figure 3, for task diversity M = 32 and sample numbers R ∈
{1, 10, 100, 1000, 10000}. The first two columns correspond to transformers below the task diversity threshold for their respective
resampling number R, and we see that in terms of in-distribution mean squared distance their predictions track the moving dMMSE
reference predictor throughout most of training.
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Figure 7. Resampling non-stationarity analogue of Figure 4, for task diversity M = 32 and sample numbers R ∈
{1, 10, 100, 1000, 10000}. The first two columns correspond to transformers before the task diversity threshold for their respec-
tive resampling number R, and we see that the revealed priors over tasks closely track the changing task distribution for most of training.
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Figure 8. In-distribution mean squared prediction differences throughout training under random walk non-stationarity. We show
∆PT,dMMSE and ∆PT,Ridge on in-distribution sequences from q

(τ)
M for each combination of task diversity M and MALA step size γ.
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Figure 9. Out-of-distribution mean squared prediction differences throughout training under random walk non-stationarity. We
show ∆PT,dMMSE and ∆PT,Ridge on out-of-distribution sequences from q∞ for each combination of task diversity M and MALA step size γ.
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Figure 10. Energy distance between the transformer’s implicit prior and the Uniform(T (τ)
M ) and N (0, ID) priors throughout

training under random walk non-stationarity. For each combination of task diversity M and MALA step size γ, we use predictive
Monte Carlo to extract the transformer’s implicit prior over task vectors throughout training, and compare to the baseline priors via energy
distance.
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Figure 11. In-distribution mean squared prediction differences throughout training under resampling non-stationarity. We show
∆PT,dMMSE and ∆PT,Ridge on in-distribution sequences from q

(τ)
M for each combination of task diversity M and sample number R.
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Figure 12. Out-of-distribution mean squared prediction differences throughout training under resampling non-stationarity. We
show ∆PT,dMMSE and ∆PT,Ridge on out-of-distribution sequences from q∞ for each combination of task diversity M and sample number R.
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Figure 13. Energy distance between the transformer’s implicit prior and the Uniform(T (τ)
M ) and N (0, ID) priors throughout

training under resampling non-stationarity. For each combination of task diversity M and sample number R, we use predictive Monte
Carlo to extract the transformer’s implicit prior over task vectors throughout training, and compare to the baseline priors via energy
distance.
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Figure 14. Implicit prior over a 1D task vector against the true task during training, across MALA step sizes. As in Figure 5, we
use predictive Monte Carlo to extract the transformer’s implicit prior over the task vector p(t) (purple) and compare it to the true task t
(black), for a one-dimensional MALA setting with task dimension D = 1, task diversity M = 1 and γ ∈ {0, 10−5, 10−4, 10−3, 10−2}.
On the left, we show the task vector over the initial 60K steps of training. On the right, we zoom in on the task vectors during steps
29K–31K. As γ increases, the random walk moves faster and the implicit prior tracks it less precisely. We additionally plot ∆d and
∆r over each training step, the mean squared distances between the transformer and the dMMSE and ridge predictors on the training
distribution.
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Figure 15. Implicit prior over a 1D task vector against the true task during training, across resampling rates. As in Figure 14, we
use predictive Monte Carlo to extract the transformer’s implicit prior over the task vector p(t) (purple) and compare it to the true task t
(black), for a one-dimensional modified Dirichlet setting where we use R independently-sampled task sets at equally spaced intervals with
task dimension D = 1, task diversity M = 1 and R ∈ {1, 2, 8, 64, 512}. On the left, we show the task vector over the initial 60K steps
of training. On the right, we zoom in on the task vector during steps 29K-31K. As R increases, the task vector changes more frequently
and the implicit prior tracks it less precisely. We also plot ∆d and ∆r , the mean squared distances between the transformer and the
dMMSE and ridge predictors on the training distribution.
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D. Training instability
In Section 4, our initial sweep produced a small number of runs with training stability issues, which we summarise in
Figure 16. These broadly fell into two types of issues.

1. The first type of issue was a divergence of loss compared to the other seeds. In five of our runs across the Section 4.1
sweep and two runs across the Section 4.2 sweep, a single seed departed from the trajectory followed by the other seeds
in the same configuration. The first two panels of Figure 16 show representative examples. The (M = 16, γ = 0) run
showed an abrupt spike in loss near the end of training, not seen in the other seeds, while the (M = 8, γ = 10−3) run
drifted slowly upwards starting from around step 400K. We re-ran these outlier seeds with new seeds and used the
replacement data in Figures 1 and 2.

2. The second type of instability was a configuration-wide failure to converge. In the low-task-diversity, large-step-size
portion of the sweep, every seed oscillated chaotically with training MSE between roughly 1 and 10. The loss in these

runs sits near that of ridge, but ∆q
(τ)
M

PT, ridge remains large, so we cannot interpret these runs as having found the ridge
solution. Because no seed in this configuration converged, we did not replace these runs in Figures 1 and 2.
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Figure 16. Examples of training instability. Each panel shows ℓMτ (log scale) against training step for a single run, evaluated every
4096 steps. In the first two panels we highlight outlier seeds (red) against the other seeds in their configuration (grey). In the third we
show an entire configuration that failed to converge (purple). The losses of the ridge and dMMSE predictors are shown in blue and green
respectively. The configurations are (M = 16, γ = 0), which exhibits a late spike in loss, (M = 8, γ = 10−3), which drifts upward
roughly from step 400K, and (M = 2, γ = 10−2), for which no seed converged.
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