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SVRG AND BEYOND VIA POSTERIOR CORRECTION

STOCHASTIC VARIANCE REDUCED GRADIENT (SVRG)

Given a standard ERM objective, SGD can have high variance:

ω → ω ↑ ω↓εi(ω). (!)

SVRG (Johnson and Zhang"#!$) aims to stabilize SGD with full-batch gradients:

ωin → ωin ↑ ω
[
↓εi(ωin) ↑ ↓εi(ωout) +

!
N

N∑

j=!

↓εj(ωout)
]
. (")
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Sustainable AI Training

The immense data, compute, and infrastructure 
demands are increasingly unsustainable
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How did we get here?
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LLM UsersDevelopers

We want to create a more adaptive AI marketplace that 
aims to “reduce, reuse, recycle, repair”, etc.

Unsustainability is largely due to the obsession to 
develop large, static, singular, general intelligence



Adaptive Intelligence [1,2]

Challenging due to “catastrophic interference” 
[3,4]. We aim to address this issue and instill 

human and animal-like adaptivity in AI.
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1. Sternberg. A theory of adaptive intelligence and its relation to general intelligence. Journal of Intelligence(2019)
2. Sternberg. Adaptive intelligence.  New York: Cambridge University Press (2021)
3. Sutton. Two Problems with Backpropagation and Other Steepest-Descent Learning…, Cog. Sci. Society (1986)
4. Kirkpatrick et al. Overcoming catastrophic forgetting in neural networks. PNAS, 2017.



Adaptive Bayesian Intelligence
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And use Bayesian updating to reuse knowledge.

Use “Bayesian-duality” to open up the model

LLM UsersDevelopers



Towards a Self-Adaptive Collective
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We believe our work will lead a new learning paradigm: 
“self-adaptive collective” intelligence

AI models UsersDevelopers

Members communicate and collaborate with each other to 
ensure well-being and welfare of the whole system



A Summary of Our Research

• Adaptive Intelligence (focus on being “quick”)
– Unification of existing adaptation frameworks

• When is quick adaptation possible
– Interference=mismatch & adaptation=correction

• New optimizers that naturally balance past and future 
knowledge and collect new information
– New ways to define and compute information gain

• Main challenge: Memory/communication/curriculum
• New paradigm: Self-adaptive collective intelligence 
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Adaptative Intelligence: An Example

12By Christopher J. Anders (RIKEN AIP)

Big markers indicate a recent 
use of the example

Challenging due to  
“catastrophic interference” 
where new data interferes 
with the old decision 
boundary. 

Balancing the past and 
future to avoid interference 
is extremely hard.



The Goal of Adaptive Intelligence
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θt ← arg min
t

∑
j=0

ℓjOld model:

θt+1 ← arg min ℓt+1 +
t

∑
j=0

ℓjRetraining:

θt+1 ← Adapt(𝒟t+1, θt, 𝒟1:t)Quick 
Adaptation:

θt θt+1

𝒟t+1𝒟t

EWC [1]: ̂θt+1 ← arg min ℓt+1 + ρt∥θ − θt∥2

Update knowledge “quickly”. For instance, in continual 
learning, we want to update the model with new data 
(although focus on quick adaptation is often missing)

Other case: model merging, federated/distribution 
learning, unlearning, model editing, local learning 

1. Kirkpatrick et al. Overcoming catastrophic forgetting in neural networks. PNAS, 2017.



Adaptation via Bayes
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= pt × exp(−ℓt+1)Bayes’ Rule: pt+1 ∝ p0

t+1

∏
j=1

=likj

exp(−ℓj)

What if we do not have the full posterior, rather only 
approximate information about it?

Recursive Aggregation



The Bayesian Duality 
Principle

Bayesian generalization of the 
representer theorem, applicable to 

non-convex cases
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Knowledge Representation
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θt =
t

∑
i=1

xi (x⊤
i θ − yi)

=αi|t

=
t

∑
i=1

∇ℓi(θt)

=gi|t

(θt, αt) (θt, gt)

Duality [1] provides one way to represent the past

Fixed point:

Dual pair:

1. Atiyah, Duality in Mathematics and Physics, Lecture (Dec 18, 2007)
2. Scholkopf et al.  A generalized representer theorem. COLT (2001)

These are solutions of equivalent problems defined in 
two dual spaces [2].

Vector of length t

Is there a more general formulation (for Bayes & for neural 
networks)? Can we use similar ideas to “compactly” 
represent uncertainty and facilitate quick adaptation?



The Bayesian Duality Principle
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Space of all distributions Space of loss functions

Loss lt
Exact 

Posterior  pt

EFs

Approximate 
Posterior ̂pt Site ̂lt

Sufficient  
stats

Every (variational) posterior has a dual pairing 

Sites are parameterized by “natural” gradients.



Duality of (Exact) Bayes

18

Bayesian generalization with dual-pair ; see [3](pt, lt)

= arg min
q∈𝒫

t

∑
j=1

𝔼q[ℓj] + KL(q∥p0)

= arg min
f∈𝒫*

t

∑
j=1

𝔼pt
[ fj] + log∫ dp0

t

∏
j=1

exp(−fj)

pt =
1
Zt

p0

t

∏
j=1

exp(−ℓj)

1. Kimeldorf & Wahba. A correspondence between Bayesian estimation on stochastic processes and smoothing 
by splines. The Annals of Mathematical Statistics (1970)

2. Csató & Opper. Sparse on-line Gaussian processes. Neural computation (2002)
3. Zhu et al. Bayesian inference with posterior regularization and applications to infinite latent SVMs.JMLR (2014)

Do similar representations exist for approximations?

lt = log (Zt
pt

p0 )



Duality of Variational Bayes [1]
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An (optimal) posterior  has a dual “site” ̂pt = qt
̂lt

N(mt, I) =
1
̂Zt
p0

t

∏
j=1

exp(−θ⊤𝔼qt
[∇ℓj])

qt =
1
Z

exp(T(θ)⊤λ) ̂ℓj|t = T(θ)⊤ ∇̃λ𝔼qt
[ℓj]

N(mt, Σt) =
1
̂Zt
p0

t

∏
j=1

exp(−θ⊤𝔼qt
[∇ℓj] −

1
2

(θ − mt)⊤𝔼qt
[∇2ℓi](θ − mt))

qt =
1
̂Zt
p0

t

∏
j=1

exp(− ̂ℓj|t)

Sites:Exp-Fam
posterior:

1.Khan and Nielsen. Fast yet Simple Natural-Gradient Descent for VI… ISITA (2018)



The Bayesian-Duality Structure
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The flow of information suggests how to compute 
optimal posterior through local computations

qt

ℓ̄j|t

q( j)
t

̂ℓj|t+

∇̃𝔼[ℓj]

Global Local

Communicate

Aggregate

qt =
1
̂Zt
p0

t

∏
j=1

exp(− ̂ℓj|t)

 Natural-gradient descent to 
implement this leads to the 
Bayesian Learning Rule [2]

qt ← q1−ρ
t [p0

t

∏
j=1

exp(− ̂ℓj|t)]ρ

1.Khan et al. Fast Dual Variational Inference for Non-Conjugate LGMs. ICML (2013)
2.Khan and Rue. The Bayesian Learning Rule. JMLR (2023)



Bayesian Learning Rule [1]
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Optimization

Gradient Descent
Newton’s Method
Multimodal Optimization

Deep-Learning
SGD, RMSprop and Adam
Sharpness-Aware Minimization
Dropout, STE, Label Smoothing
SOAP….

Conjugate Bayes
Laplace’s Method
Expectation Maximization
Stochastic Variational Inference
Variational Message Passing

Exponential-Weight Aggregation
Natural Evolution Strategy
Gaussian Homotopy
Smoothed Optimization
Weight-perturbed Optimization
Stochastic Search (annealing)
Stochastic Relaxation

Global-OptimizationApproximate Inference

1.Khan and Rue, The Bayesian Learning Rule, JMLR (2023)
2.Khan and Lin. Conjugate-Compute Variational Inference, AISTATS (2017)
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BLR finds a distribution  
θ ∼ q(θ) = 𝒩(m, σ2)Adam finds θ

By Cong Bai (RIKEN AIP)



BLR via Adam-Like Training
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RMSprop/Adam Improved Variational Online Newton (IVON) [4] 
<latexit sha1_base64="6cqgdMpwEvsCUhlzFD20sqy/oaU=">AAACt3icbVFNj9MwEHXC11K+Chy5jKhAqdCWZFW+bitx4bhIdHdFXaqJ49TWOnHWdkBVlL/IgRv/BidtJbq7I1l6eu/N83icVkpaF8d/g/DW7Tt37x3cHzx4+Ojxk+HTZ6dW14bxGdNKm/MULVey5DMnneLnleFYpIqfpRefO/3sJzdW6vKbW1d8UeCqlLlk6Dy1HP6mAl2zauE1VTx3aIz+BT1HS0wVtkC5UhF1gjscUzroNX GDf9X+OAJvEHtSlBxSI/QYBLyBDsEuoMvqU/ejNtQhUFSVQIBol971Z1x5sYDxW4iovTR90I7vplsOR/Ek7guug2QLRmRbJ8vhH5ppVhe8dEyhtfMkrtyiQeMkU7wd0NryCtkFrvjcwxILbhdNv/cWXnkmg1wbf0oHPft/R4OFtesi9c4CnbBXtY68SZvXLv+4aGRZ1Y6XbHNRXitwGrpPhEwazpxae4DMSD8rMIEGmfNf3S0hufrk6+D0aJK8n7z7Oh0dT7frOCAvyEsSkYR8IMfkCzkhM8KCafA9YEEWfgqXYR6KjTUMtj3PyV6Fl/8ARwHSgg==</latexit>

ĝ  r̂`(✓)
ĥ ĝ2

h (1� ⇢)h+ ⇢ĥ

✓  ✓ � ↵(ĝ + �m)/(
p
h+ �)

1.Khan, et al. "Fast and scalable Bayesian deep learning by.…” ICML (2018).
2.Osawa et al. “Practical Deep Learning with Bayesian Principles.” NeurIPS (2019).
3.Lin et al. “Handling the positive-definite constraints in the BLR.” ICML (2020).
4.Shen et al. “Variational Learning is Effective for Large Deep Networks.” ICML (2024)
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<latexit sha1_base64="lMR1EEq84mMqe3ZqmU42lhTl4A0="></latexit>

ĝ  r̂`(✓) where ✓ ⇠ N (m,�2)

ĥ ĝ · (✓ �m)/�2

h (1� ⇢)h+ ⇢ĥ +⇢2(h� ĥ)2/(2(h+ �))

m m� ↵(ĝ + �m)/(h+ �)

�2 1/(N(h+ �))
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For , 
BLR resembles Adam.

q = 𝒩(m, σ2)

pip install ivon-opt

qt ← q1−ρ
t ∏

j∈ℬ

exp(−ρ ̂ℓj|t)
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GPT-2 (125M) on OpenWebText data (49.2B tokens)  
Trained with the Bayesian Learning Rule version called IVON

Bayesian Learning Rule is as cheap and accurate as Adam

BLR (IVON)

Adam

1. Shen et al. “Variational Learning is Effective for Large Deep Networks.” ICML (2024)
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Using SOAP within the BLR

261.Minut et al. ,SOAP-Bubbles ◦❍ Structured Weight Uncertainty for Neural Networks, arXiv (2026)
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Binary classification 
on Two Moons. Big 
markers with red 
indicate bigger sites 
for IVON [1]

1.Nickl, Xu, Tailor, Moellenhoff, Khan, The memory-perturbation equation, NeurIPS (2023)
By Rin Intachuen (RIKEN AIP)

The dual 
representation give 
rise to a new way to 
derive influence as 
“information gain”.

This is much more 
widely applicable 
than the standard 
“influence function” 
valid only for post-
training.



Step A: Convert DNN to
GP functional prior

Old task
data

Step B: Find memorable
examples

New task
weights

Weight-space

Global
minimum

Old task
weights

New task
data

Step C: train in weight-space
with functional regularisation

Step A: Convert DNN to
GP functional prior

Old task
data

Step B: Find memorable
examples

New task
weights

Weight-space

Global
minimum

Old task
weights

New task
data

Step C: train in weight-space
with functional regularisation

Step A: Convert DNN to GP functional prior Step B: Find Memorable Past

Old weights

Old data

New weights
Step A: Convert DNN to

GP functional prior

Old task
data

Step B: Find memorable
examples

New task
weights

Weight-space

Global
minimum

Old task
weights

New task
data

Step C: train in weight-space
with functional regularisation

Optimal weights

FROMP

A

Weight-space

Globalminimum

B

C

Functional prior

Old task
data

Choose memory
Memorable

examples

After training

New task
data

A

Weight-space

Globalminimum

B

C

Functional prior

Old task
data

Choose memory
Memorable

examples

After training

New task
data

Step C: Train weights with functional regularisation of memorable past

New data

f(x)
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(a) FROMP for continual deep learning (b) Most (left) vs least (right) memorable

Figure 1: (a) Our FROMP method consists of three main steps where we convert a DNN to GP using
Khan et al. [16], find memorable examples, and train weights with functional regularisation of those
examples. (b) Memorable past on MNIST – they are difficult to classify and close to the boundary.

To address this issue, we propose a new functional-regularisation method called Functional Regu-
larisation of Memorable Past (FROMP). Our key idea is to regularise the network outputs at a few
memorable past examples that are crucial to avoid forgetting. We use a GP formulation of DNNs to
obtain a weight-training method that exploits correlations among memorable examples in the function
space (see Fig. 1a). FROMP involves a slight modification of Adam and a minor increase in computa-
tion cost. It achieves state-of-the-art performance on standard benchmarks, and is consistently better
than both the existing weight-regularisation and functional-regularisation methods. Our work in this
paper focuses on avoiding forgetting, but it also opens a new direction for life-long learning methods
where regularisation methods are naturally combined with memory-based methods.1

1.1 Related Works

Broadly, existing work on continual learning can be split into three types of approaches: inference-
based, memory/rehearsal-based, and model-based. There have also been hybrid approaches attempting
to combine them. Inference-based approaches have mostly focused on weight regularisation [2, 9,
12, 18, 22, 37], with some recent efforts on functional regularisation [5, 19, 34]. Our work falls
in the latter category, but also imposes functional constraints at datapoints, thereby connecting to
memory-based approaches.

Our goal is to consistently outperform weight-regularisation which can be inadequate and brittle
for continual deep learning (see Fig. 6 and App. G for an example). The proposed method further
addresses many issues with existing functional-regularisation methods [5, 34]. Arguably the work
most closely related to ours is the GP-based method of Titsias et al. [34], but there are several key
differences. First, our kernel uses all the network weights (they use just the last layer) which is
important, especially in the early stages of learning when all the weights are changing. Second, our
functional prior regularises the mean to be close to the past mean, which is lacking in the regulariser
of Titsias et al. [34] (see the discussion after Eq. 7). Third, our memorable past examples play a
similar role as the inducing inputs, but are much cheaper to obtain (Titsias et al. [34] requires solving
a discrete optimisation problem), and have an intuitive interpretation (see Fig. 1b). Due to these
differences, our method outperforms the method of Titsias et al. [34], which, unlike ours, performs
worse than the weight-regularisation method of Swaroop et al. [33]. We also obtain state-of-the-art
performance on a larger Split CIFAR benchmark, a comparison missing in Titsias et al. [34]. Our
method is also different to Benjamin et al. [5], which lacks a mechanism to automatically weight past
memory and estimate uncertainty.

Our method is based on a set of memorable past examples. Many such memory-based approaches
exist. These either maintain a memory of past data examples [9, 22, 25] or train generative models
on previous tasks to rehearse pseudo-inputs [30]. Recent work [3, 11] has focused on improving
memory-building methods while combining them with inference-based approaches, building on

1Code for all experiments is available at https://github.com/team-approx-bayes/fromp.
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(a) FROMP for continual deep learning (b) Most (left) vs least (right) memorable

Figure 1: (a) Our FROMP method consists of three main steps where we convert a DNN to GP using
Khan et al. [16], find memorable examples, and train weights with functional regularisation of those
examples. (b) Memorable past on MNIST – they are difficult to classify and close to the boundary.

To address this issue, we propose a new functional-regularisation method called Functional Regu-
larisation of Memorable Past (FROMP). Our key idea is to regularise the network outputs at a few
memorable past examples that are crucial to avoid forgetting. We use a GP formulation of DNNs to
obtain a weight-training method that exploits correlations among memorable examples in the function
space (see Fig. 1a). FROMP involves a slight modification of Adam and a minor increase in computa-
tion cost. It achieves state-of-the-art performance on standard benchmarks, and is consistently better
than both the existing weight-regularisation and functional-regularisation methods. Our work in this
paper focuses on avoiding forgetting, but it also opens a new direction for life-long learning methods
where regularisation methods are naturally combined with memory-based methods.1

1.1 Related Works

Broadly, existing work on continual learning can be split into three types of approaches: inference-
based, memory/rehearsal-based, and model-based. There have also been hybrid approaches attempting
to combine them. Inference-based approaches have mostly focused on weight regularisation [2, 9,
12, 18, 22, 37], with some recent efforts on functional regularisation [5, 19, 34]. Our work falls
in the latter category, but also imposes functional constraints at datapoints, thereby connecting to
memory-based approaches.

Our goal is to consistently outperform weight-regularisation which can be inadequate and brittle
for continual deep learning (see Fig. 6 and App. G for an example). The proposed method further
addresses many issues with existing functional-regularisation methods [5, 34]. Arguably the work
most closely related to ours is the GP-based method of Titsias et al. [34], but there are several key
differences. First, our kernel uses all the network weights (they use just the last layer) which is
important, especially in the early stages of learning when all the weights are changing. Second, our
functional prior regularises the mean to be close to the past mean, which is lacking in the regulariser
of Titsias et al. [34] (see the discussion after Eq. 7). Third, our memorable past examples play a
similar role as the inducing inputs, but are much cheaper to obtain (Titsias et al. [34] requires solving
a discrete optimisation problem), and have an intuitive interpretation (see Fig. 1b). Due to these
differences, our method outperforms the method of Titsias et al. [34], which, unlike ours, performs
worse than the weight-regularisation method of Swaroop et al. [33]. We also obtain state-of-the-art
performance on a larger Split CIFAR benchmark, a comparison missing in Titsias et al. [34]. Our
method is also different to Benjamin et al. [5], which lacks a mechanism to automatically weight past
memory and estimate uncertainty.

Our method is based on a set of memorable past examples. Many such memory-based approaches
exist. These either maintain a memory of past data examples [9, 22, 25] or train generative models
on previous tasks to rehearse pseudo-inputs [30]. Recent work [3, 11] has focused on improving
memory-building methods while combining them with inference-based approaches, building on

1Code for all experiments is available at https://github.com/team-approx-bayes/fromp.

2

1.Nickl, Xu, Tailor, Moellenhoff, Khan, The memory-perturbation equation, NeurIPS (2023)
2.Pan et al. Continual Learning by Functional Regularisation of Memorable Past,NeurIPS (2020)
3.Khan et al. Approximate Inference Turns Deep Networks into GP, NeurIPS (2019)

MNIST with CNN
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Interference as Mismatch
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Sec 4.2 in Khan (2025)

Old data

Old data

̂ℓi|new − ̂ℓi|old, ∀i ∈ 𝒟old
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Continual Learning
Elastic Weight Consolidation
Variational Continual Learning
Memory Replay Methods
Functional Regularization
Knowledge Adaptation Prior

Model Merging
Task Arithmetic
Fisher/Hessian-Based Merging
Ensembles Methods

Knowledge Distillation
Learning with Privileged information
Incremental SVMs

FedAvg, FedDyn
Alternating Direction Method
     of Multipliers (ADMM)
Alternating Minimization 
     Algorithm (AMA)
Partitioned Variational Inference

Federated Learning
Student-Teacher Learning
Unlearning and Influence

1.Khan, Knowledge Adaptation as Posterior Correction, arXiv (2025) 
2.Daheim et al. SVRG and Beyond with Posterior Correction, arXiv (2025)

Posterior Correction [1]

Variance Reduction
SVRG, SAG, SARAH,…

(Sec 3.1) (Sec 3.3)

(Sec 3.2)

(Sec 4.4)
(Sec 3.4)

[2]



Towards an optimizer that naturally 
adapts continually

33Memory in black markers

The Adam optimizer The PoCo optimizer

Big markers indicate a recent use of the example



Speeding up training with memories
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qold ←
t

∏
j=1

exp(− ̂ℓj|old)Given an older checkpoint(s) 
, we can build a priorqold

×
qρ

old

∏t
j=1 exp(−ρ ̂ℓj|old))

1.Daheim et al. SVRG and Beyond with Posterior Correction, ICML (2026) 
2.Johnson and Zhang, Accelerating SGD using predictive variance reduction, NeurIPS (2013)
3.Paul’s talk next will use this for fast and slow continual learning

In the future, we aim to “correct” this as new data arrives

q ← q1−ρ
t

∏
j=1

exp(−ρ ̂ℓj)

q ← q1−ρqρ
old ∏

j∈ℬ

exp(−ρ ( ̂ℓj− ̂ℓj|old)

correction

)

Essentially, we replace old duals by new ones. 
Surprisingly, this is also a form of variance reduction [1,2]
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GPT-2 (125M) on OpenWebText data (49.2B tokens)  
Trained with the Bayesian Learning Rule version called IVON

Posterior Correction can boost LLM training

BLR (IVON)

Adam

Correction  
started here

BLR (IVON) with  
Posterior Correction



38



Distributed Training
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Published as a conference paper at ICLR 2026

qg

(qk, ∇̃𝔼[ℓk])

θg

(θk, ∇ℓk)

ADMM BayesADMM

Server Client k Server Client k

Figure 1: In ADMM, the server broadcasts the global parameter ωg to the clients who then update
their local ωk and send them back to the server along with the gradients →ωk of their loss functions.
Bayesian-ADMM generalizes ADMM by using distributions over global and local parameters
(denoted by qg and qk, respectively) and replacing gradients by natural gradients (denoted by →̃E[ωk]).
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ResNet-20 on CIFAR-100 with 10 clients MLP on MNIST with 100 clients

IVON-ADMM IVON-ADMM

FedAvg

Figure 2: We derive an Adam-like extension of ADMM, called IVON-ADMM, which gives up to 7%
accuracy boost over existing federated deep-learning methods (left) without any increase in the cost
and overall runtime (right). Details of the experiment are in Sec. 4.

as a special case of Bayesian-ADMM that employs isotropic Gaussian posteriors. New non-trivial
generalizations are also automatically obtained by using other exponential-family distributions.

We derive two new extensions of ADMM using Bayesian-ADMM. The first extension is a Newton-
like variant obtained by using multivariate Gaussian distributions. Unlike classical ADMM, this new
variant converges in one communication round when applied to quadratic objectives. The second
extension is an Adam-like variant obtained by restricting the covariance to be a diagonal matrix. This
variant can be efficiently implemented by using the IVON method of Shen et al. (2024) and yields up
to 7% accuracy boost for deep heterogeneous cases without increasing the cost and overall runtime
(Fig. 2). Ultimately, our work opens a new Bayesian way to generalize ADMM and other primal-dual
methods. This was not possible before, even though a lot of work has been done recently on Bayesian
methods for federated deep learning (Al-Shedivat et al., 2021; Guo et al., 2023; Kotelevskii et al.,
2022; Louizos et al., 2021; Pal et al., 2024; Yurochkin et al., 2019).

2 FEDERATED LEARNING VIA ADMM AND VARIATIONAL BAYES

Federated learning aims to train a global model with parameter ωg at a central server by communicat-
ing with K clients and without ever gaining access to their local data. The clients can access their
data through local loss functions denoted by ωk(ω) for the k’th client. The goal is to solve for

ω→
g = argmin

ω

K∑

k=0

ωk(ω), (1)

where ω0(ω) denotes the regularizer. However, since the server is not allowed direct access to ωk, it is
forced to solve this problem by communicating with clients. The main idea is to perform distributed

2

Published as a conference paper at ICLR 2026

Server

θ*g

v*g

Clients

θ*1 …θ*K

v*1 …v*K

∇ℓk

+

ADMM’s Duality Bayesian Duality

Server

μ*g

λ*g

Clients

μ*1 …μ*K

η*1 …η*K

∇̃𝔼[ℓk]

+

Figure 3: The left side shows the dual structure associated with ADMM’s fixed-point equation
(Eq. 4). The right side shows our new Bayesian-Duality structure associated with VB’s optimality
condition (Eq. 13). In ADMM, ω→

g and ω→
k are the primal variables, while v→

g and v
→
k are dual variables.

Analogously, in Bayesian Duality, µ→
g and µ→

k are primal, while ε→
g and ϑ→

k are dual.

optimization by exploiting the structure of the solution. For instance, for ω0(ωg) = 1
2→ωg→2, the

optimality condition of the problem can be written as a sum over local gradients (proof in Sec. A),

ω→
g = ↑

K∑

k=1

↓ωk(ω
→
g). (2)

This structure suggests distributing the computation of local gradient ↓ωk across the clients, and
gathering those results to estimate ω→

g . ADMM provides a framework to perform such distributed opti-
mization. It introduces local parameters ωk and aims to solve an equivalent constrained optimization
problem:

min
ωg,ω1:K

K∑

k=1

ωk(ωk) + ω0(ωg), such that ωg = ωk for all k = 1, 2, . . . ,K. (3)

The problem can be solved by formulating a Lagrangian with multipliers, denoted by vk for the
k’th constraint. The stationarity condition of the Lagrangian, shown below, then provides a way to
distribute the computations (proof in Sec. A),

ω→
k = ω→

g, v
→
k = ↑↓ωk(ω

→
k), v

→
g =

K∑

k=1

v
→
k, ω→

g = v
→
g. (4)

The first condition says that we set ω→
k = ω→

g to satisfy the constraint. The second condition sets
the optimal multiplier v→

k to the negative of the local gradient. The third condition gathers all the
multipliers into a global variable v→

g , and finally the fourth condition uses it to get the global ω→
g back.

The optimality condition can be drawn in the form of a dual structure, similarly to that used by
Rockafellar (1967, Fig. 2). The parameters ω→

g and ω→
k are the primal variables defined in the space

of valid parameters, while v
→
k and v

→
g are dual variables defined in the space of valid gradients. The

duality structure, shown in the left panel of Fig. 3, summarizes the flow of information. First, the
server broadcasts its global ω→

g to the clients and the clients set ω→
k = ω→

g . Then, the gradient ↓ωk(ω
→
k)

is evaluated and assigned to the dual v→
k. All the dual variables are then gathered using a sum and

assigned to v
→
g , which is then used to obtain ω→

g .

The Lagrangian also yields an algorithm to perform optimization that preserves this flow of infor-
mation. Essentially, we first perform local optimizations at all clients to obtain ωk, then we update
the dual vk, and finally these results are communicated to the server which updates ωg. A detailed
derivation is in Sec. A and the resulting updates are summarized below:

Client updates: ωk ↔ argmin
ωk

ωk(ωk) + v
↑
k ωk +

ε

2
→ωk ↑ ωg→2, (5)

vk ↔ vk + ε(ωk ↑ ωg), (6)

Server update: ωg ↔ argmin
ωg

ω0(ωg)↑
K∑

k=1

v
↑
k ωg +

K∑

k=1

ε

2
→ωg ↑ ωk→2. (7)

3

1. Moellenhoff et al. Federated ADMM from Bayesian Duality. ICLR (2026)
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A framework for Self-Adaptive Collectives

1. Communication
2. Aggregation &
3. Correction

Bayesian-duality to 
self-adapt via

of local beliefs.

Prediction and Control of AI training

I. Communicate with 
other models

II. Predict the  
future behavior

III. Control and 
change course



How to Build and Update 
Compact Memory?

This is the core challenge but we 
have made good progress

41



How to Represent Past Knowledge

42

Three kinds of knowledge sources 

Store in model 
parameters 
And use weight 
regularization 
(e.g. EWC)

Store in the input/
prompt space and 
use self-supervision 
(e.g. distillation)

Most difficult! 
May have to use 
Replay. Difficulty 
of adaptation 
depends on this

Easy

Uncertain/ 
Ambiguous 

Misclassified / 
Atypical / 
Outlier etc.

1. Daxberger et al. Improving CL by Accurate Gradient Reconstruction of the Past, TMLR (2023)



But, it is difficult because “journey 
Matters, but not just the destination”
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This is a slide from my NeurIPS tutorial in 2019!

(By Roman Bachmann)



We can use “corrections” as “information 
gain” to build memory as we train the model

44Memory in black markers

The Adam optimizer The PoCo optimizer

Big markers indicate a recent use of the example



Path to Adaptive Intelligence [2]
• How can we reduce the cost of training AI? 

–What should the algorithm remember and what new 
experiences it should seek?

– Build a memory of the past, inject prior knowledge, and 
design a curriculum to slowly explore the future

• To truly reduce the cost, we also need
1. Encourage parsimony in data and parameters
2. Use local learning 
3. Perform active self-guidance

• Towards brain-like learning!
• And also a path towards sustainable & transparent AI

45
1. Khan and Rue, The Bayesian Learning Rule, JMLR (2023)
2. Khan. Knowledge Adaptation as Posterior Correction, arXiv (2025)

See the discussion in Sec 5 in Khan (2025)



Thanks to all of my collaborators 
over the last 10 years
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