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The problem of learning can be usefully divided 
into two problems of assigning credit

• Temporal Credit Assignment is determining the times that 
should be credited, i.e. changed

• This is present in the problem and algorithms of reinforcement 
learning 

• Structural Credit Assignment is determining the structures, i.e. 
parts, that should be credited, i.e. changed

• This is present in both RL and supervised learning 

• We see SCA without TCA in supervised learning



In supervised learning and artificial neural networks,  
the problem of structural credit assignment  
is that of determining which weights to change

• Any given error can generally be eliminated by changing many weights
• Should the change be distributed equally among all weights?
• Or localized in some weights more than others? Which?
• There are choices to be made! 

• This is the problem of structural credit assignment in ANNs
• I don’t think we have given it the thought that it deserves



Backprop is a naive form of structural credit assignment

• Backprop is a steepest descent method (take the steepest path 
down the error surface): 

       with all  equal 

here we are giving credit to the th weight in proportion to 
the th component of the gradient  

• Backprop is a stochastic gradient descent method, meaning the 
above gradient is a sample of the real gradient of interest 

• Because of this,  must be roughly constant across examples

Δwi,t ≐ αi
∂ (yt − y*t )2

∂wi,t
≐ αi gi,t αi

i
i

αi

gradient-proportional

structural credit  

assignment



In a deep network, the gradients can be very different 
in different layers

or even in the same layer

rendering steepest descent ineffective (poorly conditioned)



Standard deep learning methods normalize the gradients

Recall:             where  is constant in backprop 

RMSprop instead chooses:          (dependence on  is implicit here) 

where  is an estimate of the standard deviation of  across time 

Adam is the same, only also adds momentum    

The result is that all weights change on average by about the same amount 

Which is just slightly less naive than steepest descent 
It is still an abdication of responsibility for structural credit assignment

Δwi,t = αi gi,t αi

αi = η
̂σi

t

̂σi gi,t



All this is a perspective on modern deep networks

• That they are neglecting structural credit assignment
• That they are an undifferentiated mass of learning
• Whereas really some parts of them should be learning rapidly, while 

others are stable or very slowly learning
• That the networks should be choosing which of their parts are 

learning
• this is what it would mean to (meta-)learn representations 

and to (meta-)learn how to generalize



What would Structural Credit Assignment look like 
in deep networks?

• For all the complexity of deep learning, almost none of it involves 
different learning in different parts of the network

• Doing SCA could be as simple as learning different step sizes   
for different weights 

• towards the goal of learning better

• not just toward learning the same amount in all weights

• There is a body of work on this, but mostly not for deep networks

αi
i



I recently surveyed the history of meta-gradient methods for setting sαi
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A History of Meta-gradient:

Gradient Methods for Meta-learning

Richard S. Sutton

February 19, 2022

Systems for learning parameters often have meta-parameters such as step sizes, ini-
tial weights, or dimensional weightings. With a given setting of the meta-parameters,
the learning system is complete and capable of finding parameters that are suited
to the task, but its efficiency typically depends on the particular choice of meta-
parameters. This has led to interest in learning processes that can find good choices for
meta-parameters automatically from experience. These higher-level learning methods
are often characterized as “learning to learn” or, as we shall call them here, meta-
learning. Meta-learning has been explored extensively within machine learning for
many years (e.g., see Thrun & Pratt 1998).

A class of meta-learning methods that appears particularly powerful and that has
attracted considerable recent attention are those based on stochastic gradient descent
or ascent (e.g., Andrychowicz et al. 2016; Finn, Abeel & Levine 2017; Xu, van Hasselt
& Silver 2018). The rise of deep learning has shown that gradient methods can be
surprisingly effective in the base learning system (e.g., AlphaZero (Silver et al. 2018),
DeepStack (Moravč́ık et al. 2017), Alexnet (Krizhevsky et al. 2012)), so it is natural
to consider gradient methods for learning meta-parameters. Let us call such gradient
methods for meta-learning meta-gradient methods, after Xu et al. (2018). Almost all
meta-gradient methods use a gradient method in the base learning system as well.
Meta-gradient methods have shown promise; they are very general and, in some cases,
have achieved learning performance equal to that for hand-tuned meta-parameters.
Let us briefly consider the origins of meta-gradient learning methods and the major
steps leading to recent developments.

The meta-parameter learned in all of the earliest meta-gradient methods was the
step size or “learning rate” of supervised learning systems. To our knowledge the first
meta-gradient method was a method for setting the step-size (gain) meta-parameter
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Suppose a weight is being learned…

Δwi,t = αi gi,t

wi,t

wi,t  too smallαi

 too bigαi

 just right?αi

wi,t

wi,t



Δwi,t = αi gi,t

wi,t

wi,t  too smallαi

 too bigαi

 just right?αi

wi,t

wi,t

Define: Δt ≐ wi,t − wi,t−1 Signature

s all positive, or same signΔt

s changing signΔt

s sometimes same sign,  
sometimes opposite

Δt



Δwi,t = αi gi,t

wi,t

wi,t  too smallαi

 too bigαi

 just right?αi

wi,t

wi,t

Define: Δt ≐ wi,t − wi,t−1 Signature

s all positive, or same signΔt

s changing signΔt

s sometimes same sign,  
sometimes opposite

Δt

Suggests a meta learning rule:  αi,t = αi,t + βΔi,t−1Δi,t

the  ruleΔΔ
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Abstract

In continual learning, a learner has to keep learning from the data over its whole life time.
A key issue is to decide what knowledge to keep and what knowledge to let go. In a
neural network, this can be implemented by using a step-size vector to scale how much
gradient samples change network weights. Common algorithms, like RMSProp and Adam,
use heuristics, specifically normalization, to adapt this step-size vector. In this paper, we
show that those heuristics ignore the e�ect of their adaptation on the overall objective
function, for example by moving the step-size vector away from better step-size vectors.
On the other hand, stochastic meta-gradient descent algorithms, like IDBD (Sutton, 1992),
explicitly optimize the step-size vector with respect to the overall objective function. On
simple problems, we show that IDBD is able to consistently improve step-size vectors, where
RMSProp and Adam do not. We explain the di�erences between the two approaches and
their respective limitations. We conclude by suggesting that combining both approaches
could be a promising future direction to improve the performance of neural networks in
continual learning.

1 The Role of Step-size in Continual Learning

Continual learning is a setting where learning needs to always adapt to the latest data to learn new things or
track moving targets. Continual learning contrasts with other problem settings where the goal is to converge
to some fixed point. A key problem in continual learning is to able to learn from data what needs to be
maintained, for example to avoid catastrophic forgetting (French, 1999), and what needs to be updated to
continue to track the objective function, for example because of limited capacity (Sutton et al., 2007).

A Stochastic Gradient Descent (SGD) method updates a set of weights wt by incrementally accumulating
the product of a step-size1 scalar parameter ÷ and a sample gradient estimate ÿ�ÒJt(wt) given an objective
function Jt(wt):

wt+1 Ω wt ≠ ÷ÿ�ÒJt(wt)
We name this method Classic SGD in the rest of this paper. In Classic SGD, the step-size parameter ÷ is a
key parameter to determine how much the weights of the learner are updated given the latest sample. For
example, in a non-continual learning setting, this step-size parameter is often scheduled to converge to 0,
forcing the changes to the parameters to be smaller over time until further adaptation becomes impossible.
Using the same scalar step-size for all the weights is limited because it does not di�erentiate across dimensions.

Other conventional step-size adaptation methods include RMSProp (Hinton et al., 2012) and Adam (Kingma
and Ba, 2015). RMSProp and Adam both normalize the gradients before updating the weights. Additionally,

1We prefer to use step-size to learning-rate because we think it is more accurate. Indeed, a step-size parameter does not
indicate the rate at which a system learns. A large step-size may or may not be correlated with a high rate of learning.
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2-dim non-stationary linear supervised learning
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Target: y*t ≐ w*1 x1,t + w*2 x2,t
where  
and  may switch between  
every 20 examples 

Inputs:  
Learning:

w*1 ≐ 0
w*2 ±1

xi,t ∼ '(0,1)

 yt ≐ w1,tx1,t + w2,tx2,t

wi,t+1 ≐ wi,t + αi (y*t − yt) xi,t

The Error Surface 
as a function of the step sizes



2-dim non-stationary linear supervised learning
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Figure 1: With conventional step-size normalization methods like RMSProp, the step-sizes do not go towards
the optimal step-sizes.

Adam also uses momentum to smooth the gradients. In practice, the weight update is composed of a
component wise product of two parts: first, a step-size vector –t+1 slowly changed and the gradient estimate
ÿ�ÒJt(wt):

wt+1 Ω wt ≠ –t+1 · ÿ�ÒJt(wt) (1)

Both RMSProp and Adam adapt the step-size vector –t using a heuristic, normalising with an estimate of
the gradient magnitude, irrespective of the e�ect of such changes on the objective function. To illustrate this,
we used a simplification of a problem introduced in Sutton (1992), that is, a non-stationary 2-dimensional
linear regression problem. On the first dimension, the optimal weight w1 is equals to 0 and constant. On
the second dimension, the optimal weight w2 is non-stationary. Every 20 steps, w2 flips between -1 and 1
with a probability of 0.5. Features for both dimensions are independently sampled from a constant normal
distribution. One would expect that a good method to optimize a step-size vector (–1, –2) would learn a low
step-size –1 for the first dimension to ignore noise, and learn a higher step-size –2 to track the flipping weight.

Figure 1 shows the loss landscape as the average squared error computed by running for 1,000,000 steps using
linear regression as the objective function Jt(wt), given the step-size vector at a point (–1, –2), and using the
update of Equation 1. Thus, Figure 1 is a representation of the step-size space with respect to the loss, and
not the weight space as commonly depicted. In other words, each point represents how well regression is able
to track the target given the fixed step-size vector at that point. Weights are initialized to 0. We can see that
the pair of optimal step-sizes is –1 = 0 and –2 ¥ 0.33, as indicated by the diamond at the bottom of the
plots.

Figure 1-left shows the trajectory of the step-size vector –t in Equation 1 when updated by RMSProp using
three di�erent values for the step-size parameter. On this problem, we observe that RMSProp was not able
to learn the best step-size vector to decrease the overall loss. Perhaps more surprisingly, in the two lower
trajectories, the step-size vector ends up at a worse position from the optimal step-size vector compared
to where it started from. Also note how RMSProp mostly moves both step-sizes –1 and –2 similarly, on
a diagonal, and is not really able to distinguish between the di�erent properties—a constant weight and
a flipping weight—of the two dimensions. Although not shown in the figure, Adam behaves similarly to
RMSProp on this problem.

Figure 1-right shows the trajectory of the step-size vector when updated by the Incremental-Delta-Bar-
Delta (IDBD) algorithm (Sutton, 1992). IDBD is an online stochastic meta-gradient descent algorithm
explicitly optimizing the step-size vector with respect to an objective function. More specifically, the IDBD
algorithm learns a step-size vector by accumulating online estimates of the gradient of the objective function
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Figure 1: With conventional step-size normalization methods like RMSProp, the step-sizes do not go towards
the optimal step-sizes.

Adam also uses momentum to smooth the gradients. In practice, the weight update is composed of a
component wise product of two parts: first, a step-size vector –t+1 slowly changed and the gradient estimate
ÿ�ÒJt(wt):

wt+1 Ω wt ≠ –t+1 · ÿ�ÒJt(wt) (1)

Both RMSProp and Adam adapt the step-size vector –t using a heuristic, normalising with an estimate of
the gradient magnitude, irrespective of the e�ect of such changes on the objective function. To illustrate this,
we used a simplification of a problem introduced in Sutton (1992), that is, a non-stationary 2-dimensional
linear regression problem. On the first dimension, the optimal weight w1 is equals to 0 and constant. On
the second dimension, the optimal weight w2 is non-stationary. Every 20 steps, w2 flips between -1 and 1
with a probability of 0.5. Features for both dimensions are independently sampled from a constant normal
distribution. One would expect that a good method to optimize a step-size vector (–1, –2) would learn a low
step-size –1 for the first dimension to ignore noise, and learn a higher step-size –2 to track the flipping weight.

Figure 1 shows the loss landscape as the average squared error computed by running for 1,000,000 steps using
linear regression as the objective function Jt(wt), given the step-size vector at a point (–1, –2), and using the
update of Equation 1. Thus, Figure 1 is a representation of the step-size space with respect to the loss, and
not the weight space as commonly depicted. In other words, each point represents how well regression is able
to track the target given the fixed step-size vector at that point. Weights are initialized to 0. We can see that
the pair of optimal step-sizes is –1 = 0 and –2 ¥ 0.33, as indicated by the diamond at the bottom of the
plots.

Figure 1-left shows the trajectory of the step-size vector –t in Equation 1 when updated by RMSProp using
three di�erent values for the step-size parameter. On this problem, we observe that RMSProp was not able
to learn the best step-size vector to decrease the overall loss. Perhaps more surprisingly, in the two lower
trajectories, the step-size vector ends up at a worse position from the optimal step-size vector compared
to where it started from. Also note how RMSProp mostly moves both step-sizes –1 and –2 similarly, on
a diagonal, and is not really able to distinguish between the di�erent properties—a constant weight and
a flipping weight—of the two dimensions. Although not shown in the figure, Adam behaves similarly to
RMSProp on this problem.

Figure 1-right shows the trajectory of the step-size vector when updated by the Incremental-Delta-Bar-
Delta (IDBD) algorithm (Sutton, 1992). IDBD is an online stochastic meta-gradient descent algorithm
explicitly optimizing the step-size vector with respect to an objective function. More specifically, the IDBD
algorithm learns a step-size vector by accumulating online estimates of the gradient of the objective function
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Figure 1: With conventional step-size normalization methods like RMSProp, the step-sizes do not go towards
the optimal step-sizes.

Adam also uses momentum to smooth the gradients. In practice, the weight update is composed of a
component wise product of two parts: first, a step-size vector –t+1 slowly changed and the gradient estimate
ÿ�ÒJt(wt):

wt+1 Ω wt ≠ –t+1 · ÿ�ÒJt(wt) (1)

Both RMSProp and Adam adapt the step-size vector –t using a heuristic, normalising with an estimate of
the gradient magnitude, irrespective of the e�ect of such changes on the objective function. To illustrate this,
we used a simplification of a problem introduced in Sutton (1992), that is, a non-stationary 2-dimensional
linear regression problem. On the first dimension, the optimal weight w1 is equals to 0 and constant. On
the second dimension, the optimal weight w2 is non-stationary. Every 20 steps, w2 flips between -1 and 1
with a probability of 0.5. Features for both dimensions are independently sampled from a constant normal
distribution. One would expect that a good method to optimize a step-size vector (–1, –2) would learn a low
step-size –1 for the first dimension to ignore noise, and learn a higher step-size –2 to track the flipping weight.

Figure 1 shows the loss landscape as the average squared error computed by running for 1,000,000 steps using
linear regression as the objective function Jt(wt), given the step-size vector at a point (–1, –2), and using the
update of Equation 1. Thus, Figure 1 is a representation of the step-size space with respect to the loss, and
not the weight space as commonly depicted. In other words, each point represents how well regression is able
to track the target given the fixed step-size vector at that point. Weights are initialized to 0. We can see that
the pair of optimal step-sizes is –1 = 0 and –2 ¥ 0.33, as indicated by the diamond at the bottom of the
plots.

Figure 1-left shows the trajectory of the step-size vector –t in Equation 1 when updated by RMSProp using
three di�erent values for the step-size parameter. On this problem, we observe that RMSProp was not able
to learn the best step-size vector to decrease the overall loss. Perhaps more surprisingly, in the two lower
trajectories, the step-size vector ends up at a worse position from the optimal step-size vector compared
to where it started from. Also note how RMSProp mostly moves both step-sizes –1 and –2 similarly, on
a diagonal, and is not really able to distinguish between the di�erent properties—a constant weight and
a flipping weight—of the two dimensions. Although not shown in the figure, Adam behaves similarly to
RMSProp on this problem.

Figure 1-right shows the trajectory of the step-size vector when updated by the Incremental-Delta-Bar-
Delta (IDBD) algorithm (Sutton, 1992). IDBD is an online stochastic meta-gradient descent algorithm
explicitly optimizing the step-size vector with respect to an objective function. More specifically, the IDBD
algorithm learns a step-size vector by accumulating online estimates of the gradient of the objective function
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Only IDBD finds optimal step sizes
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Figure 3: On the noisy-tracking problem, step-size optimization (IDBD) can accurately track the optimal
step-size on a non-stationary single dimension problem. Step-size normalization, as done by RMSProp, on
the other hand, achieves exactly the opposite—it increases the step-size when it should be decreased and
vice-versa.

4 Step-size optimization with IDBD

The Increment-Delta-Bar-Delta (IDBD) algorithm (Sutton, 1992), presented next, is a step-size optimization
method. Like RMSProp and Adam, IDBD is a two-level learning process: a base level and a meta level. The
base level learns the weight vector wt used in the loss Jt(wt). The meta level learns meta-parameters, that is
the step-size vector –t in Equation 1, used in the base level to update the weights wt. The key di�erence
between a step-size optimization method (e.g. IDBD) and a step-size normalization method (e.g. RMSProp)
is that a step-size optimization method has an update rule for the meta level optimizing for the same loss
Jt(·) than the base level, as opposed to a step-size normalization method that uses a heuristic, normalization,
to update the step-size vector –t at the meta level.

Increment-Delta-Bar-Delta (IDBD) (Sutton, 1992)
Parameters:

–0: initial step-size
◊: meta step-size for the step-size update

Initialise weights w1
Initialise step-sizes in log space —1 = log(–0)
Initialise average vector h1 = 0
for t = 1, 2, . . . do

yt Ω wt
|
xt

”t Ω y
ú
t ≠ yt

—t+1 Ω —t + ◊”txt · ht

–t+1 Ω e
—t+1

wt+1 Ω wt + –t+1 · ”txt

ht+1 Ω
�
1 ≠ –t+1 · x

2
t

�+ · ht + –t+1 · ”txt

end

To optimize at the meta level for the same loss than the base level, the general idea of meta-gradient
proposes to derive the update rule of the meta level by taking the gradient of the loss with respect to the
meta-parameters used in the update of the base level. In the case of IDBD, the step-size vector is defined as
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'

' σ
σ ∈ [0,3]



Conclusions
• I presented a perspective on modern deep learning

• that it still not embracing structural credit assignment

• that it is still not choosing which parts of the network should learn

• and that until it does that, it will fail at continual learning and 
representation learning

• There is a line of research—meta-gradient step-size optimization—
that does address structural credit assignment

• well developed for linear supervised learning

• but seemingly ready to be extended to deep networks

• It is high time to embrace the challenge of structural credit assignment



Thank you for your attention


