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Human Learning at 
the age of 6 months.
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Converged at the 
age of 12 months
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Transfer 
skills

at the age 
of 14 

months



Fail because too slow or quick to adapt

5https://www.youtube.com/watch?v=TxobtWAFh8o The video is from 2017

https://www.youtube.com/watch?v=TxobtWAFh8o


Adaptation in Machine Learning

• Even a small change may need retraining
• Huge amount of resources are required only 

few can afford (costly & unsustainable) [1,2, 3]
• Difficult to apply in “dynamic” settings (robotics, 

medicine, epidemiology, climate science, etc.)
• Our goal is to solve such challenges

– Help in building safe and trustworthy AI
– But also to reduce “magic” in deep learning
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1. Diethe et al. Continual learning in practice, arXiv, 2019.
2. Paleyes et al. Challenges in deploying machine learning: a survey of case studies, arXiv, 2021.
3. https://www.youtube.com/watch?v=hx7BXih7zx8&t=897s

https://www.youtube.com/watch?v=hx7BXih7zx8&t=897s


Towards Quick Adaptation 
• Better uncertainty [1-4]

– Bayesian Learning rule (BLR) 
• Better regularization [5-8]

– Knowledge-Adaptation Priors (K-priors)
• Better memory [9]

– Memory Perturbation Equation (MPE)
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1. Khan and Rue, The Bayesian Learning Rule, JMLR (2023).
2. Khan, et al. Fast and scalable Bayesian deep learning by weight-perturbation in Adam, ICML (2018).
3. Osawa et al. Practical Deep Learning with Bayesian Principles, NeurIPS (2019).
4. Lin et al. Handling the positive-definite constraints in the BLR, ICML (2020).
5. Khan and Swaroop. Knowledge-Adaptation Priors, NeurIPS (2021)
6. Pan et al. Continual deep learning by functional regularisation of memorable past, NeurIPS (2020)
7. Daxberger et al. Improving CL by Accurate Gradient Reconstruction of the Past, TMLR (2023).
8. Daheim et al. Model merging by uncertainty-based gradient matching, arXiv 2023.
9. Nickl, Xu, Tailor, Moellenhoff, Khan, The memory-perturbation equation, NeurIPS (2023)



Example: Continual Learning
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Standard 
Deep 
Learning

Continual Learning: past classes never revisited

Kirkpatrick, James, et al. "Overcoming catastrophic forgetting in neural networks." Proceedings of the 
national academy of sciences 114.13 (2017): 3521-3526.

Standard training leads to catastrophic forgetting.



Bayesian Learning Rule

Better Uncertainty
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Weight Regularization
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1. Kirkpatrick, James, et al. "Overcoming catastrophic forgetting in neural networks." PNAS 2017
2. Khan, et al. "Fast and scalable Bayesian deep learning by weight-perturbation in Adam.” ICML (2018).
3. Osawa et al. “Practical Deep Learning with Bayesian Principles.” NeurIPS (2019).
4. Lin et al. “Handling the positive-definite constraints in the BLR.” ICML (2020).

Standard way to is to add a weight-regularizer [1]
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Weight uncertainty

Straightforward improvement in weight-uncertainty 
is to use variational inference [2-4]



Practical Deep Learning with Bayes
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RMSprop

1. Khan, et al. "Fast and scalable Bayesian deep learning by weight-perturbation in Adam." 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).

   Bayesian Learning Rule [3]
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A reliable estimate of Fisher/Hessian/variance

Costs are exactly the same, but the 
variance quality is much better!! 
 2nd-order method that works at scale.

Perturb g to estimate Hessian

Weight-perturbation to 
improve variance quality

Ensure s is always +ve



Uncertainty of Deep Nets
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1. Khan, et al. "Fast and scalable Bayesian deep learning by weight-perturbation in Adam." ICML (2018).
2. Osawa et al. “Practical Deep Learning with Bayesian Principles.” NeurIPS (2019).

Code available at https://github.com/team-approx-bayes/dl-with-bayesFigure 1: Comparing VOGN [22], a natural-gradient VI method, to Adam and SGD, training ResNet-
18 on ImageNet. The two left plots show that VOGN and Adam have similar convergence behaviour
and achieve similar performance in about the same number of epochs. VOGN achieves 67.38% on
validation compared to 66.39% by Adam and 67.79% by SGD. Run-time of VOGN is 76 seconds per
epoch compared to 44 seconds for Adam and SGD. The rightmost figure shows the calibration curve.
VOGN gives calibrated predictive probabilities (the diagonal represents perfect calibration).

We demonstrate practical training of deep networks by using recently proposed natural-gradient VI38

methods. These methods resemble the Adam optimiser, enabling us to leveraging existing techniques39

for initialisation, momentum, batch normalisation, data augmentation, and distributed training. As a40

result, we obtain similar performance in about the same number of epochs as Adam when training41

many popular deep networks (e.g., LeNet, AlexNet, ResNet) on datasets such as CIFAR-10 and42

ImageNet. See Fig. 1 for Imagenet. The results show that, despite using an approximate posterior, the43

training methods preserve the benefits of Bayesian principles. Compared to standard deep-learning44

methods, the predictive probabilities are well-calibrated and uncertainties on out-of-distribution45

inputs are improved. Our work shows that practical deep learning is possible with Bayesian methods46

and aims to support further research in this area.47

Related work. Previous VI methods, notably by Graves [15] and Blundell et al. [4], require signifi-48

cant implementation and tuning effort to perform well, e.g., on convolution neural networks (CNN).49

Slow convergence is found to be problematic for sequential problems [43]. There appears to be no50

reported results with complex networks on large problems, such as ImageNet. Our work solves these51

issues by borrowing deep-learning techniques and applying them to natural-gradient VI [22, 51].52

In their paper, Zhang et al. [51] also employed data augmentation and batch normalisation for a53

natural-gradient method called Noisy K-FAC (see Appendix A) and showed results on VGG on54

CIFAR-10. However, a mean-field method called noisy Adam was found to be unstable with batch55

normalisation. In contrast, we show that a similar method, called Variatonal Online Gauss-Newton56

(VOGN), proposed by Khan et al. [22], works well with such techniques. We show results for57

distributed training with noisy K-FAC on Imagenet, but do not provide extensive comparisons. Many58

of our techniques can be used to speed-up noisy K-FAC too, which is promising.59

Many other approaches have recently been proposed to compute posterior approximations by training60

deterministic networks [44, 36, 37]. Similarly to MC-dropout, the posterior approximation is not61

flexible and it is difficult to improve the accuracy of the posterior approximations. On the other hand,62

VI offers a much more flexible alternative to apply Bayesian principles to deep learning.63

2 Deep Learning with Bayesian Principles and Its Challenges64

The success of deep learning is partly due to the availability of scalable and practical methods for65

training deep neural networks (DNNs). Network training is formulated as an optimisation problem66

where a loss between the data and the DNN’s predictions is minimised. For example, in a supervised67

learning task with a dataset D of N inputs xi and corresponding outputs yi of length K, we minimise68

a loss of the following form: ¯̀(w) + �w
>
w, where ¯̀(w) := 1

N

P
i `(yi, fw(xi)), fw(x) 2 RK

69

denotes the DNN outputs with weights w, `(y, ŷ) denotes a differentiable loss function between an70

2

Better uncertainty than Adam but similar accuracy

ImageNet Results

BLR [2] BLR [2]

https://github.com/team-approx-bayes/dl-with-bayes


BLR variant [3] got 1st prize in NeurIPS 
2021 Approximate Inference Challenge
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Watch Thomas Moellenhoff’s talk at 
https://www.youtube.com/watch?v=LQInlN5EU7E.

1. Khan, et al. "Fast and scalable Bayesian deep learning by weight-perturbation in Adam." 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).



Continual Learning
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1. Osawa et al. “Practical Deep Learning with Bayesian Principles.” NeurIPS (2019).
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Bayesian learning rule (BLR)
Table 1: A summary of learning algorithms derived from the BLR. Each algorithm is derived through
specific approximations of the posterior and natural-gradient. New algorithms are marked with “(New)”.
Abbreviations: cov. ! covariance, STE ! Straight-Through-Estimator, VI ! Variational Inference,
VMP ! Variational Message Passing.

Learning Algorithm Posterior Approx. Natural-Gradient Approx. Sec.

Optimization Algorithms

Gradient Descent Gaussian (fixed cov.) Delta method 1.3

Newton’s method Gaussian —–“—– 1.3

Multimodal optimization (New) Mixture of Gaussians —–“—– 3.2

Deep-Learning Algorithms

Stochastic Gradient Descent Gaussian (fixed cov.) Delta method, stochastic approx. 4.1

RMSprop/Adam Gaussian (diagonal cov.) Delta method, stochastic approx.,
Hessian approx., square-root scal-
ing, slow-moving scale vectors

4.2

Dropout Mixture of Gaussians Delta method, stochastic approx.,
responsibility approx.

4.3

STE Bernoulli Delta method, stochastic approx. 4.5

Online Gauss-Newton (OGN)
(New)

Gaussian (diagonal cov.) Gauss-Newton Hessian approx. in
Adam & no square-root scaling

4.4

Variational OGN (New) —–“—– Remove delta method from OGN 4.4

BayesBiNN (New) Bernoulli Remove delta method from STE 4.5

Approximate Bayesian Inference Algorithms

Conjugate Bayes Exp-family Set learning rate ⇢t = 1 5.1

Laplace’s method Gaussian Delta method 4.4

Expectation-Maximization Exp-Family + Gaussian Delta method for the parameters 5.2

Stochastic VI (SVI) Exp-family (mean-field) Stochastic approx., local ⇢t = 1 5.3

VMP —–“—– ⇢t = 1 for all nodes 5.3

Non-Conjugate VMP —–“—– —–“—– 5.3

Non-Conjugate VI (New) Mixture of Exp-family None 5.4

2.1 Bayesian learning rule as natural-gradient descent

Given the objective L(�) = Eq[¯̀(✓)+log q(✓)] in Eq. 2, the classical gradient-descent algorithm performs
the following update:

�t+1  �t � ⇢tr�L(�t). (15)

6

See Table 1 in 
Khan and Rue, 2021

All sorts of 
algorithms can be 
derived by using two 
sets of 
approximations.

By relaxing the 
approximations, we 
get an improvement, 
for example, 
uncertainty aware 
deep learning 
optimizers

1. Khan and Rue, The Bayesian Learning Rule, JMLR (2023)
2. Khan and Lin. "Conjugate-computation variational inference….” AIstats (2017). 

<latexit sha1_base64="/VKLiQx5TGGhUu5e5pIHSoDeOrk="></latexit>
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Bayesian-SAM
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SAM with RMSprop

An Adam-style algorithm, derived using the BLR, where 
variances are automatically learned.

1. Foret et al. Sharpness-Aware Minimization for Efficiently Improving Generalization, ICLR, 2021 
2. Moellenhoff and Khan, SAM as an optimal relaxation of Bayes, https://arxiv.org/abs/2210.01620, 2022 

SAM with BLR
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Knowledge-Adaptation Prior

Better Regularization
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Functional Regularization of 
Memorable Examples [2]
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Task 1

Task 2
Task 3

1. Khan et al. Approximate Inference Turns Deep Networks into Gaussian Process, NeurIPS, 2019 
2. Pan et al. Continual Deep Learning by Functional Regularisation of Memorable Past, NeurIPS, 2020

Class 0

Class 1
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Joint

FROMP

Pan et al. Continual Deep Learning by Functional Regularisation of Memorable Past, NeurIPS 2020



Functional Regularization of 
Memorable Past (FROMP)
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1. Kirkpatrick, James, et al. "Overcoming catastrophic forgetting in neural networks." PNAS 2017
2. Pan et al. Continual Deep Learning by Functional Regularisation of Memorable Past, NeurIPS, 2020

PredictionsUncertainty
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Functional regularizer (FROMP) [2]

Weight-regularizer (EWC) [1]
<latexit sha1_base64="kSz4tlY/ya1MranZ8NLYXHw5EzM=">AAACOnicfVDLSgMxFM34rPVVdSlIUIS6sMyIqCsRBHHZgq1Cp5ZMemuDmcmQ3BHL0A/RH3HjV7hz4caFIm79ANPWhW3FA4HDOfdwc08QS2HQdZ+dsfGJyanpzEx2dm5+YTG3tFwxKtEcylxJpS8CZkCKCMooUMJFrIGFgYTz4Pq465/fgDZCRWfYjqEWsqtINAVnaKV6rpT3sQXI6Dbtk3rqI9xiqmSj09m69FHF9GRApP9H6rkNt+D2QEeJ90M2jtbuurgv1nNPfkPxJIQIuWTGVD03xlrKNAouoZP1EwMx49fsCqqWRiwEU0t7p3foplUatKm0fRHSnvo7kbLQmHYY2MmQYcsMe13xL6+aYPOgloooThAi3l/UTCRFRbs90obQwFG2LWFcC/tXyltMM4627awtwRs+eZRUdgreXmG3ZNs4JH1kyCpZJ3nikX1yRE5JkZQJJw/khbyRd+fReXU+nM/+6Jjzk1khA3C+vgE3DbKv</latexit>

(✓ � ✓old)
>Fold(✓ � ✓old)

Weight uncertainty

Why does this work? It is a way to replay past 
gradients, which leads to the idea of K-priors.



Intuition behind K-priors
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Binary 
classification with 
Logistic regression

Each task N=500, 
each class 250 
examples.

New data Often, only a small 
fraction of old data is 
affected.



Intuition behind K-priors

22

K-prior

Binary 
classification with 
Logistic regression

Each task N=500, 
each class 250 
examples.

New data

∇ℓold(θ) ≈ ∇Kprior(θ)

Often, only a small 
fraction of old data is 
affected.



Easy to see in Linear Regression

23

arg min
θ

ℓold = ∥θ∥2 + ∥y − Xθ∥2 Fold = I + X⊤X

In linear regression, they are equivalent and are all 
ways to reconstruct the old problem (or its gradients)

(θ − θold)⊤Fold(θ − θold)
Entirely in weight-space (EWC) [1]

= (Xθ − Xθold)⊤K−1(Xθ − Xθold)
Entirely in function-space (FROMP) [2]

Knowledge-adaptation prior [3]
Function-spaceWeight-space

= ∥θ − θold∥2 + ∥Xθ − Xθold∥2

= (θ − θold)⊤(I + X⊤X)(θ − θold)

1. Kirkpatrick, James, et al. "Overcoming catastrophic forgetting in neural networks." PNAS 2017
2. Pan et al. Continual Deep Learning by Functional Regularisation of Memorable Past, NeurIPS, 2020
3. Khan and Swaroop. Knowledge-Adaptation Priors, NeurIPS, 2021

Function-spaceWeight-space



Knowledge-Adaptation Priors
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Combine weight and function-space divergences

K-prior is a way to 
replay past gradients

Function-spaceWeight-space

Candidate
 model
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A General Principle of Adaptation
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Reconstruct past gradients

1. Khan and Swaroop. Knowledge-Adaptation Priors, NeurIPS, 2021 (https://arxiv.org/abs/2106.08769)

https://arxiv.org/abs/2106.08769


How to combine EWC + FR + Replay

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

Combine approaches to (successively) reduce grad-reconstruction error
Published in Transactions on Machine Learning Research (10/2023)

Previous Methods Our Method
EWC
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Figure 1: Using the principle of gradient reconstructions, we design a new prior (right) to combine di�erent
types of regularization and memory-based methods (left). EWC uses a quadratic regularizer based on the
old weight-vector wold and its importance Fold, while experience replay uses a memory M of past examples
along with their labels. Function regularization (FR) is similar but often does not use labels y. Our method
combines EWC, FR, and replay by using two memory sets, M1 and M2. The notable di�erences are that our
method’s importance matrix excludes the examples in M = M1 fiM2, and that experience replay is applied
only to the second memory set M2. The examples in M1 do not require labels, and can be compressed to
only keep a small set of representative inputs that may not be part of the old data; see Section 5 for details.

Two popular strategies of knowledge reuse are based on weight-regularization and experience replay. The two
strategies have complementary strengths. For example, the well-known Elastic-Weight Consolidation (EWC)
(Kirkpatrick et al., 2017), which regularizes the new weight-vector to keep it close to the old one, requires a
fixed memory size to store the weight vector and its importance. A variety of other such regularizers have
been proposed (Schwarz et al., 2018; Zenke et al., 2017; Li & Hoiem, 2017; Nguyen et al., 2018). Experience
replay (Robins, 1995; Shin et al., 2017), on the other hand, often increases memory as learning progresses.
Memory cost here can be substantial, but it can boost accuracy if the memory represents the past well.
Clearly, combining the two approaches can strike a good balance between performance and memory size.
At present, little has been done to find principled ways to combine them. Some works have used knowledge
distillation (Rebu� et al., 2017; Buzzega et al., 2020) or functional regularization (Titsias et al., 2020; Pan
et al., 2020), where predictions evaluated at the examples in memory are regularized. Such attempts are
promising, but it is not clear why the specific choices of regularizers and memory work well, and whether
there are better choices that lead to further improvements.

In this paper, we provide a new approach to combine and improve weight-regularization and experience
replay. The approach is based on a recently proposed principle of adaptation, where a prior called the
Knowledge-adaptation prior (K-prior) is used to reconstruct the gradients of the past training objective (Khan
& Swaroop, 2021). We use this as a guideline to design better priors for continual learning. Khan &
Swaroop (2021) consider only one-task adaptation, and relied on a simple quadratic regularizer without any
experience replay. We extend their method to multiple tasks and use it to combine a weight-regularizer, a
functional regularizer, and experience replay (Fig. 1). Each piece contributes in a complementary way to the
reduction of a di�erent type of error, and the combination overall gives lower gradient-reconstruction error
than each individual component. This leads to consistent improvements on standard benchmarks for multi-
task image classification in task-incremental continual learning, such as Split-CIFAR, Split-TinyImageNet,
and ImageNet-1000, across various memory budgets from small to large sizes. On these benchmarks, our
method can achieve > 80% of the batch performance by simply utilizing a memory of < 10% of the past
data. Our approach yields better strategies than the current heuristics used in the literature.
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Figure 1: Using the principle of gradient reconstructions, we design a new prior (right) to combine di�erent
types of regularization and memory-based methods (left). EWC uses a quadratic regularizer based on the
old weight-vector wold and its importance Fold, while experience replay uses a memory M of past examples
along with their labels. Function regularization (FR) is similar but often does not use labels y. Our method
combines EWC, FR, and replay by using two memory sets, M1 and M2. The notable di�erences are that our
method’s importance matrix excludes the examples in M = M1 fiM2, and that experience replay is applied
only to the second memory set M2. The examples in M1 do not require labels, and can be compressed to
only keep a small set of representative inputs that may not be part of the old data; see Section 5 for details.

Two popular strategies of knowledge reuse are based on weight-regularization and experience replay. The two
strategies have complementary strengths. For example, the well-known Elastic-Weight Consolidation (EWC)
(Kirkpatrick et al., 2017), which regularizes the new weight-vector to keep it close to the old one, requires a
fixed memory size to store the weight vector and its importance. A variety of other such regularizers have
been proposed (Schwarz et al., 2018; Zenke et al., 2017; Li & Hoiem, 2017; Nguyen et al., 2018). Experience
replay (Robins, 1995; Shin et al., 2017), on the other hand, often increases memory as learning progresses.
Memory cost here can be substantial, but it can boost accuracy if the memory represents the past well.
Clearly, combining the two approaches can strike a good balance between performance and memory size.
At present, little has been done to find principled ways to combine them. Some works have used knowledge
distillation (Rebu� et al., 2017; Buzzega et al., 2020) or functional regularization (Titsias et al., 2020; Pan
et al., 2020), where predictions evaluated at the examples in memory are regularized. Such attempts are
promising, but it is not clear why the specific choices of regularizers and memory work well, and whether
there are better choices that lead to further improvements.

In this paper, we provide a new approach to combine and improve weight-regularization and experience
replay. The approach is based on a recently proposed principle of adaptation, where a prior called the
Knowledge-adaptation prior (K-prior) is used to reconstruct the gradients of the past training objective (Khan
& Swaroop, 2021). We use this as a guideline to design better priors for continual learning. Khan &
Swaroop (2021) consider only one-task adaptation, and relied on a simple quadratic regularizer without any
experience replay. We extend their method to multiple tasks and use it to combine a weight-regularizer, a
functional regularizer, and experience replay (Fig. 1). Each piece contributes in a complementary way to the
reduction of a di�erent type of error, and the combination overall gives lower gradient-reconstruction error
than each individual component. This leads to consistent improvements on standard benchmarks for multi-
task image classification in task-incremental continual learning, such as Split-CIFAR, Split-TinyImageNet,
and ImageNet-1000, across various memory budgets from small to large sizes. On these benchmarks, our
method can achieve > 80% of the batch performance by simply utilizing a memory of < 10% of the past
data. Our approach yields better strategies than the current heuristics used in the literature.
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Figure 1: The left panel illustrates our approach. We connect the error � of the merged model ✓merged
to the gradient mismatch over losses ¯̀

t and propose a new method that reduces the mismatch by
using the Hessian Ht and error �t of the individual models ✓t. The right panel shows an example of
adding datasets to RoBERTa trained on IMDB. We clearly see that reducing mismatch also reduces
test error of task arithmetic. We consider 5 datasets, each indicated by a number on the markers.

can leverage them to further improve model merging. Empirical results on LLMs and ViTs show
consistent improvements, both in terms of performance and robustness to hyperparameters.

2 MODEL MERGING BY PARAMETER AVERAGING

We consider merging multiple models that share the same architecture but are trained on different
datasets, for example, by fine-tuning a large pretrained model. We denote each of the T > 1 models
by its parameter vector ✓t 2 Rd. Throughout this section, we will use an LLM, denoted by ✓LLM,
but the results straightforwardly apply to other pretrained models. Given ✓LLM and different ✓t, our
goal is to understand the inaccuracies in existing parameter-averaging methods and improve them.

We focus on the following simple weighted-averaging scheme: ✓̄ = S0 ✓LLM +
PT

t=1 St ✓t, where
✓̄ is the merged model obtained with scaling matrices St 2 Rd⇥d for t = 0, 1, . . . , T . Since the
dimension d is often large, simple choices of St are used in practice. The simplest one is the
arithmetic mean (AM) or its weighted version (WAM; Wortsman et al., 2022b;a):

✓̄AM =
1

T

TX

t=1

✓t, ✓̄WAM = ↵0✓LLM +
TX

t=1

↵t✓t, (1)

where ↵t � 0. For large models, different parameters have different scaling and it is better to take
this into account, for example, by using the Fisher matrix Ft:

✓̄FA =
TX

t=1

St✓t, where St = ↵tF̄
�1

Ft with F̄ =
TX

t=1

↵tFt, for all t � 1, (2)

giving rise to ‘Fisher Averaging’ (FA). We could similarly include S0 by using the Fisher F0 of
the LLM. In practice, to reduce the computation cost, we may only use the diagonal of the Fisher
estimated in an online fashion (Matena & Raffel, 2022). This is similar to strategies in continual
learning (Kirkpatrick et al., 2017) where the choice of Fisher is justified through Bayesian updating
Huszár (2018). However, such connections are not yet explored or exploited for model merging.

Using Fisher should improve things a bit but the extent of improvement is unclear. A recent work
by Jin et al. (2023) uses insights from linear models to justify some of these choices, but such
justification may not hold for nonlinear models. In general, it is also not clear how Fisher-averaging
takes care of the commonalities between the fine-tuning ✓t of the LLM ✓LLM. Should we include
F0 or not, and how should it be combined with the other Ft so as to avoid double counting of
information in the models? The current practice is to simply tune ↵t on a validation set which is one
way to make up for the errors, but this can quickly become expensive as T increases.

Recently, Ilharco et al. (2023) proposed to subtract the contribution of ✓LLM with the follow-
ing simple ‘task arithmetic’ (TA): ✓̄TA = ✓LLM +

PT
t=1 ↵t(✓t � ✓LLM). Subtracting ✓LLM

2
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can leverage them to further improve model merging. Empirical results on LLMs and ViTs show
consistent improvements, both in terms of performance and robustness to hyperparameters.

2 MODEL MERGING BY PARAMETER AVERAGING

We consider merging multiple models that share the same architecture but are trained on different
datasets, for example, by fine-tuning a large pretrained model. We denote each of the T > 1 models
by its parameter vector ✓t 2 Rd. Throughout this section, we will use an LLM, denoted by ✓LLM,
but the results straightforwardly apply to other pretrained models. Given ✓LLM and different ✓t, our
goal is to understand the inaccuracies in existing parameter-averaging methods and improve them.

We focus on the following simple weighted-averaging scheme: ✓̄ = S0 ✓LLM +
PT

t=1 St ✓t, where
✓̄ is the merged model obtained with scaling matrices St 2 Rd⇥d for t = 0, 1, . . . , T . Since the
dimension d is often large, simple choices of St are used in practice. The simplest one is the
arithmetic mean (AM) or its weighted version (WAM; Wortsman et al., 2022b;a):

✓̄AM =
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T
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✓t, ✓̄WAM = ↵0✓LLM +
TX

t=1

↵t✓t, (1)

where ↵t � 0. For large models, different parameters have different scaling and it is better to take
this into account, for example, by using the Fisher matrix Ft:

✓̄FA =
TX

t=1

St✓t, where St = ↵tF̄
�1

Ft with F̄ =
TX

t=1

↵tFt, for all t � 1, (2)

giving rise to ‘Fisher Averaging’ (FA). We could similarly include S0 by using the Fisher F0 of
the LLM. In practice, to reduce the computation cost, we may only use the diagonal of the Fisher
estimated in an online fashion (Matena & Raffel, 2022). This is similar to strategies in continual
learning (Kirkpatrick et al., 2017) where the choice of Fisher is justified through Bayesian updating
Huszár (2018). However, such connections are not yet explored or exploited for model merging.

Using Fisher should improve things a bit but the extent of improvement is unclear. A recent work
by Jin et al. (2023) uses insights from linear models to justify some of these choices, but such
justification may not hold for nonlinear models. In general, it is also not clear how Fisher-averaging
takes care of the commonalities between the fine-tuning ✓t of the LLM ✓LLM. Should we include
F0 or not, and how should it be combined with the other Ft so as to avoid double counting of
information in the models? The current practice is to simply tune ↵t on a validation set which is one
way to make up for the errors, but this can quickly become expensive as T increases.

Recently, Ilharco et al. (2023) proposed to subtract the contribution of ✓LLM with the follow-
ing simple ‘task arithmetic’ (TA): ✓̄TA = ✓LLM +

PT
t=1 ↵t(✓t � ✓LLM). Subtracting ✓LLM
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Model ✓ Toxicity Fluency Model Fluency Hallucination %
100·Avg. Num. Toxic PPL(#) BLEU (") Critic (#) 1-Q2 (#)

GPT2117M ✓LLM 11.2 15.4 % 24.9 FlanT5250M 17.3 27.5 11.7
TA 9.8 13.1 % 30.3 18.2 13.8 7.4
ours 9.6 (#0.2) 12.8 % (#0.3) 26.9 (#3.4) 18.2 (-) 12.8 (#1.0) 7.0 (#0.4)

GPT-J1.3B ✓LLM 11.9 16.6 % 12.6 FlanT5780M 18.4 31.5 12.8
TA 10.7 14.5 % 12.7 18.6 11.8 7.7
ours 10.2 (#0.5) 14.0 % (#0.5) 12.8 (#0.1) 18.0 (#0.6) 8.8 (#3.0) 5.0 (#2.7)

Table 4: Reducing gradient mismatch also improves removal of undesirable behaviour from LLMs.

we tune scaling factors on the test set for TA and not at all for our method. Fig. 2 (right) shows a plot
over scaling factors where our method dominates TA which also falls below the zero-shot baseline
of the IMDB model. We further find that not averaging the squared gradients performs better on
average for both FA and our method, but for small datasets (SST2) it can be beneficial to average the
squared gradients to weight each dataset the same. An important choice in our experiments for FA
was how to lower-bound or add a small � to the Fishers to prevent numerical instability. For instance,
for Favg. we have found adding a small delta (e.g on the order of 10�10) to perform multiple points
better than clipping to a larger value, such as 10�6. To summarize: 1) reducing gradient mismatch
improves performance and 2) is crucial for correct scaling to overcome the need for manual tuning
of scales. Furthermore, 3) merging with increments of ✓t � ✓LLM instead of just ✓t gives slight
improvements and 4) so does scaling by Fisher. 5) Seemingly small details can have a large impact.

4.4 EDITING LANGUAGE GENERATION MODELS BY REMOVING DATA

We study two settings for removing harmful examples from LLMs: removing data with hallucina-
tions from dialogue models to improve their faithfulness, and removing toxic data.

We first replicate the set-up from Daheim et al. (2023) and train a dialogue model on Wizard-of-
Wikipedia (Dinan et al., 2019) which we then train further on synthetic data containing hallucina-
tions using a quadratic penalty. This model is subsequently used for removal from the first one.
We found 1.0 to be the best scaling factor for both merging functions. We evaluate faithfulness
using a critic (Dziri et al., 2022) and Q2 (Honovich et al., 2021), and fluency using BLEU (Papineni
et al., 2002). Table 4 shows improvements in terms of both faithfulness metrics with no or minor
degradation in BLEU when compared to task arithmetic for two sizes of flanT5 (Chung et al., 2022).

For unlearning toxicity, we use the set-up from Ilharco et al. (2023). We use GPT2 (Radford et al.,
2019), and GPT-J 1.3B (Wang & Komatsuzaki, 2021) and fine-tune each model on the comments
with toxicity score � 0.8 from Civil Comments (Borkan et al., 2019). For both task arithmetic
and our method we introduce a scaling factor because initial experiments with ↵t = 1 showed
degenerate generations. Potentially, H0 is underestimated, as we can not run the squared gradient
approximation on all training data because it is either unavailable or too computationally expensive;
instead we estimate it on WikiText103. We then prompt all models with “I don’t care if this is
controversial” and a prompt from RealToxicityPrompts (Gehman et al., 2020). Finally, we evaluate
the toxicity using Detoxify (Hanu & Unitary team, 2020), and perplexity on WikiText103 (Merity
et al., 2017). We classify all generations with score � 0.2 as toxic. Table 4 shows that our method
reduces toxicity in comparison to TA for both models and perplexity strongly for GPT2.

5 CONCLUSION

In this paper, we connect the error of the merged model to the gradient mismatch between the
individual models that are merged and the ‘target model’ that merging aims to recover. We use this
insight not only to propose new methods for model merging but also to understand existing ones.
We also show deep connections to Bayesian inference which point to new directions for further
improvements. Since the target model is not available during merging by definition, our proposed
merging method reduces the gradient mismatch by a second-order approximation and is therefore
tied to the uncertainty of the models, which determines their scaling.
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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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Understand the memory of a model.
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(a) Effect of removing an example.

(b) Predicting test loss during training, CIFAR10 (c) Predicting test loss for leave-one-class-out, FMNIST

Figure 1: Panel (a) illustrates the effect of removing an example during training and the estimation
of the deviation using the current model. Panel (b) shows a faithful estimation of the test NLL
during training of a ResNet–20 on CIFAR10 using the train-LOO estimate by MPE. Panel (c) shows
a faithful estimate of leave-one-class-out test performance for two models fitted on FMNIST. Each
marker corresponds to a model trained by leaving one class shown with the text. The estimated NLL
by using the MPE on the training data correlates well with the test NLL. Some classes are more
sensitive than others, but the importance of the class is consistent among the two models.

the model’s memory; the model is highly sensitive to them and perturbing them can make the model
forget its essential knowledge. The MPE relates the model’s sensitivity to perturbation in such sen-
sitive examples.

We show several applications of the MPE to understand sensitivity of ML models:

1. The MPE, when specialized to Gaussian posteriors, recovers the influence function used in
linear models [4] and deep learning [20]. Moreover, the MPE also applies more widely to
many algorithms in deep learning, optimization, and Bayesian methods.

2. The MPE for Gaussian posteriors has a useful property: examples with high prediction
error and predictions variances are the most influential and the sensitivity is obtained by
simply multiplying the two quantities.

3. The MPE also has a property regarding computations: sensitivity can estimated cheaply
whenever natural-gradients are cheap to compute. This way, already computed quantities
(e.g., error and variance) can be used and no extra computation is needed.

4. We show that the MPE can be used to accurately estimate generalization performance on
image-classification benchmarks. We use leave-one-out measures on training set to accu-
rately predict the test set performance Figs. 1(b) and 1(c). This agrees with other studies
which show effectiveness of sensitivity based approaches for such tasks [12, 6, 10].

2 Understanding Model’s Sensitivity to Data

Understanding model’s sensitivity to the training data is important but is often done by using a
brute-force way of retraining several models. For example, consider parameter ✓ fitted to data
D = {D1, . . . ,DN} by using a loss `i(✓) for the i’th example and a regularizer R(✓),

✓⇤(D) = argmin
✓

L(✓), where L(✓) =
NX

i=1

`i(✓) +R(✓). (1)

If the data is perturbed, for example, the i’th example is removed giving us the perturbed dataset
D/i = {D1, . . . ,Di�1,Di+1, . . . ,DN}, then we can simply retrain the model to get new ✓⇤(D/i).
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CIFAR10 on ResNet-20 using BLR [1]. SGD or Adam also 
works but better uncertainty gives better estimates.

1. Lin et al. “Handling the positive-definite constraints in the BLR.” ICML (2020).
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Towards Quick Adaptation 
• Better uncertainty [1-4]

– Bayesian Learning rule (BLR) 
• Better regularization [5-8]

– Knowledge-Adaptation Priors (K-priors)
• Better memory [9]

– Memory Perturbation Equation (MPE)
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