JMLR: Workshop and Conference Proceedings 1:1–8, 2017

ICML 2017 AutoML Workshop

Neural Optimizers with Hypergradients for Tuning
Parameter-Wise Learning Rates
Jie Fu∗
Ritchie Ng∗
Danlu Chen
Ilija Ilievski
Christopher Pal
Tat-Seng Chua

jie.fu@u.nus.edu
ritchieng@u.nus.edu
dlchen13@fudan.edu.cn
ilija.ilievski@u.nus.edu
christopher.pal@polymtl.ca
chuats@comp.nus.edu.sg
National University of Singapore, Fudan University, Polytechnique Montréal

Abstract
Recent studies show that LSTM-based neural optimizers are competitive with state-of-theart hand-designed optimization methods for short horizons. Existing neural optimizers
learn how to update the optimizee parameters, namely, predicting the product of learning
rates and gradients directly and we suspect it is the reason why the training task becomes
unnecessarily difficult. Instead, we train a neural optimizer to only control the learning
rates of another optimizer using gradients of the training loss with respect to the learning
rates. Furthermore, with the assumption that learning rates tend to remain unchanged
over a certain number of iterations, the neural optimizer is only allowed to propose learning
rates every S iterations where the learning rates are fixed during these S iterations and
this enables it to generalize to longer horizons. The optimizee is trained by Adam on
MNIST, and our neural optimizer learns to tune the learning rates for the Adam. After 5
meta-iterations, another optimizee trained by Adam whose learning rates are tuned by the
learned but frozen neural optimizer, outperforms those trained by existing hand-designed
and learned neural optimizers in terms of convergence rate and final accuracy for long
horizons across several datasets.
Keywords: Hyperparameter optimization, Learning rates, Recurrent neural networks

1. Introduction
Deep neural networks (DNNs) are extremely sensitive to their hyperparameter settings,
especially the learning rates (Schaul et al., 2012). Therefore, choosing good learning rates
is a crucial step in achieving a desirable performance. Bayesian optimization (Brochu et al.,
2010) has been shown to reach or outperform expert-set hyperparameters on a variety of
benchmark datasets. But such optimization methods can only find one fixed learning rate
for all iterations, while changing the learning rates during training usually gives better
performance (Maclaurin et al., 2015). On the other hand, several sophisticated handdesigned adaptive learning rate optimizers have been proposed (Kingma and Ba, 2014).
However, these hand-designed optimizers are usually developed to exploit structures in
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a particular domain and thus can hardly provide good generalization performance across
problems (Andrychowicz et al., 2016).
Recently, there has been a rising interest in learning to learn, i.e. learning to update an
optimizee’s parameters directly. (Andrychowicz et al., 2016) demonstrated how to train an
LSTM to optimize another DNN more effectively than hand-designed optimizers. But it is
not effective for long horizons. (Lv et al., 2017) introduced the random scaling trick to enable
the neural optimizer to generalize to longer horizons, but the performance is still worse than
Adam. (Wichrowska et al., 2017) proposed to use meta training samples and hierarchical
LSTMs to improve the generalization ability. However, it is unclear if this approach can
outperform carefully tuned hand-designed optimizers for long horizons in terms of test loss
and is not efficient when testing due to its LSTM overhead at every iteration.
We suspect that incorporating domain knowledge rather than learning everything from
data would ease the learning task and improve the performance in terms of efficacy and efficiency. As a result, in this work, we extend this line of research by combining hand-designed
and learned optimizers in which an LSTM-based optimizer learns to propose parameterwise learning rates for the hand-designed optimizer and is trained with hypergradients (the
gradients with respect to learning rates). In fact, our method can be used to tune any
continuous dynamic hyperparameters (including momentum (Maclaurin et al., 2015)), but
we focus on learning rates as a case study.

2. Learning learning rates
2.1. Setup
Following the notation in (Loshchilov and Hutter, 2015), training a deep model with n
parameters can be formulated as the problem of minimizing a function l : Rn → R. We
define a loss function ψ : Rn → R for each training sample; the distribution of training
samples then induces a distribution D over the loss function ψ, and then the function l
is the expectation of this distribution l(x; w) := Eψ∼D [ψ(x; w)]. Usually, l is optimized
by iteratively adjusting wt (the weight vector at time step t) using gradient information
b } ∼ D b . Based on this mini-batch, the gradient ∇l(x; w )
obtained on a mini-batch {ψi=1
t
1 Pb
is computed with ∇l(x; wt ) = b i=1 ψi (x; wt ). Then the weight vector is updated using
stochastic gradient descent (SGD) as wt+1 = wt −αt ∇l(x; wt ), where αt is the SGD learning
rate at time t.
In (Andrychowicz et al., 2016), an LSTM optimizer g with its own set of parameters φ,
is used to minimize the loss of optimizee l in the form of
wt+1 = wt − g(∇l(x; wt ); φ),

(1)

where g(·) is the optimizer. The final optimizee parameters wT (φ, l) after T iterations is
a function of the optimizer parameters φ. Given a distribution of function l, the expected
loss is L(φ) = El [l(x; wT (l, φ))]. While this objective function only depends on the final
parameter value, for training the optimizer we can have an objective that depends on the
entire training trajectory:
T
X
L(φ) = El [
βt l(x; wt )],
(2)
t=1
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Figure 1: One step of the LSTM optimizer. All LSTMs share the same parameters, but
have separate hidden states. The red lines indicate gradients, and the blue lines
indicate hypergradients. The diagram is modified from (Andrychowicz et al.,
2016).
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Optimizee
at t

+

Optimizee at
t+S

.

+

Optimizee at
t+T

.

Optimizer
output at t

+

Converged
Optimizee

.

Optimizer
output at t

Figure 2: Computational graph for chaining the hypergradients, dα, from the optimizee.

2.2. Outputting learning rates
The loss L(φ) defined in Eq. 2 is only equivalent to the original problem (i.e. optimizing
the final loss l(wt=T )) when we set βT = 1, in which case the back-propagation through
time becomes inefficient, and thus (Andrychowicz et al., 2016) proposes to set all βt = 1.
However, the loss L(φ) is not the original teaching signal for the neural optimizer anymore,
and the optimizer might need many meta-iterations1 to converge to a good solution. In
fact, (Lv et al., 2017) finds that the approach needs thousands of meta-iterations to converge
on MNIST. Furthermore, since the neural optimizer learns how to update the optimizee
parameters directly, it needs to store all the optimizee parameters over all iterations.
To solve the above problems, our proposed one is trained to predict the learning rates.
That is, in contrast to Eq. 1, we adopt the following rule: wt+1 = wt − gt (h(∇l(wt )); φ) ·
∇l(wt ), where h(·), the input to the LSTM optimizer, is defined as the state description
vector of the optimizee gradients at iteration t, and gt (h(∇l(wt )); φ) = αt .
Following (Andrychowicz et al., 2016), we let all the LSTMs share the same parameters
but have separate hidden states as shown in Fig. 1, and use the following pre-processing apk
proaches: hk (·) = ( log(∇ cl(wt )) , sgn(∇k l(wt )) if |∇k l(wt )| ≥ e−c , and hk (·) = (−1, ec ∇k l(wt ))
otherwise, where c > 0 is a constant, ∇k l(wt ) is the gradient for the k-th parameter, and
sgn(·) is the sign function.
1. One meta-iteration is an entire training run for optimizing the optimizee till convergence.
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2.3. Training the optimizer
SGD or its variants, whose learning rates are controlled by the LSTM optimizer, is used to
train the optimizee till convergence. However, the LSTM optimizer is unable to produce
a learning rate for the optimizee at every iteration. This is a deeply rooted problem in
the LSTM itself: the LSTM and all the other RNN variants are limited to a few hundred
time-steps because the long-term memory contents are diluted at every time-step (Chung
et al., 2016). In other words, even though we can collect the learning rate gradients at every
optimizee iteration, we cannot use them to effectively train an LSTM by unrolling more
than a few hundred time-steps.
In this paper we do not attempt to solve this problem. Instead, we conjecture that
learning rates tend not to change dramatically across iterations. Thus as a trade-off, we
only allow the LSTM optimizer to propose learning rates every S time-steps, which is a lazy
approach. Essentially, we use a straight line to approximate the optimal learning rate curve
within S steps in the hope that the actual curve is not highly bumpy. The computational
graph is shown in Fig. 2.
As a by-product, proposing learning rates every S iterations also makes it efficient for
training and testing. When training, it can save storage dramatically by inputting the
averaged gradients during those S iterations into the LSTM; When testing, it can reduce
the overhead introduced by LSTMs without increasing the mini-batch size like (Wichrowska
et al., 2017). Furthermore, this lazy approach makes it less prone for overfitting.

3. Experiments
We evaluate our method on MNIST (LeCun et al., 1998), SVHN (Netzer et al., 2011) and
CIFAR-10 (Krizhevsky and Hinton, 2009). A 2-hidden-layer (20 neurons at each layer) MLP
with sigmoid activation functions is trained using Adam. The batch-size is 120. Our LSTM
optimizer controls the learning rates of Adam2 . We use a fixed set of random initial parameters for every meta-iteration for all datasets. The learning rates for baseline optimizers are
grid-searched from 10−1 to 10−10 . The LSTM optimizer itself is not hyperparameter-free.
But for such a low-dimensional hyperparameter space, we use a very coarse grid search.
The LSTM optimizer has 3 layers, each having 20 hidden units, which is trained by Adam
with a fixed learning rate of 10−7 . The LSTM is trained for 5 meta-iterations and unrolled
for 50 steps.
3.1. MNIST
Fig. 3 (left) shows the learning curves and the learning rate schedules proposed by the frozen
LSTM on MNIST. We can see that our LSTM optimizer (NOH) improves the optimizee
performance significantly in terms of convergence rate and final accuracy after training for
5 meta-iterations. It is quite striking that Adam with learned parameter-wise learning rates
can converge almost as fast as the neural optimizer (DMopt) proposed in (Andrychowicz
et al., 2016). In contrast, DMopt is incapable of learning to reduce the optimizee’s final
2. Although (Wilson et al., 2017) argues that the solutions found by SGD generalize better than adaptive
counterparts, they still suggest tuning learning rates with decay. Our method is generic in that it can
also be used to tune global learning rates and decay schemes for SGD with averaging.
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Figure 3: Learning curves of the optimizee and randomly picked parameter-wise learning
rate schedules for Adam on different datasets. NOH indicates our proposed
method, AdamHD indicates Adam with hypergradient descent (Baydin et al.,
2017), and DMopt indicates the method used in (Andrychowicz et al., 2016).

loss within the first 150 meta-iterations and needs about 2000 meta-iterations to converge
on MNIST. After training, we have to cherry-pick the best performing models based on
validation loss for final testing. Due to the difficulty of training DMopt, we did not run
DMopt on SVHN or CIFAR-10. More importantly, it looses the ability to properly train
the optimizee after about 400 iterations as shown in (Lv et al., 2017).
The learning rate curves are locally jagged because the LSTM optimizer only changes
learning rates every S iterations. Those curves are diverse, but in general share the same
pattern: start with large values3 and then decay. This is different from the observations
in (Baydin et al., 2017), where the increase in learning rates for Adam is almost negligible.
One possible reason for this might be that the meta learning rates for the hypergradients
used in (Baydin et al., 2017) are too small. However, when we increase the meta learning rates, the performance of the optimizee degrades catastrophically, which is mentioned
in (Baydin et al., 2017). This might suggest that an adaptive meta learning rate mechanism
is needed here, and our LSTM optimizer can be seen as such one which also has reasonable
generalization abilities.
3.2. Generalization from MNIST to SVHN and CIFAR-10
We evaluate the generalization ability of our proposed method in this section. We argue
that the strength of a learned optimizer is that it is highly problem specific and thus an
overly general-purpose algorithm may not be able to exploit the extra structure in a specific
problem. As a trade-off, we do not aim to design a neural optimizer that can generalize
across different activation functions, but only consider transferring across different datasets,
which is still quite useful in practice. For example, we can train an optimizer on a small
dataset and then freeze and apply it to another larger dataset, thus saving the overall
hyperparameter tuning time.
3. Actually, the learning rates might start increasing from an initial relatively small value, but since our
neural optimizer only changes learning rates every S iterations, we cannot determine if it is the case.
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We first use Adam to train one MLP for 5 meta-iterations (each having 2K iterations)
on MNIST, in which our proposed neural optimizer learns to tune the learning rates of
Adam. Then we freeze the learned optimizer and let it propose learning rates for Adam
which is in turn used to train another MLP on SVHN and CIFAR-10 for longer horizons.
Figure 3 (middle and right) shows that after learning on a smaller and different dataset, the
neural optimizer is able to generalize to other datasets. The different scales of randomly
picked learning rates between different datasets imply that the optimizer can generalize and
behaves accordingly on different problems. We can also observe that the learning rates for
SVHN, and especially CIFAR-10, decay more slowly than those on MNIST.

4. Conclusion
We presented an LSTM-based neural optimizer for learning parameter-wise learning rates
using hypergradients directly from the optimizee, which is efficient, effective, and plugand-play. We showed that in order to help the optimizee to achieve a good convergence
rate and final accuracy, it might not be necessary for the neural optimizer to learn how to
update the optimizee parameters directly. Actually, it is more efficient and effective to learn
proper learning rates for existing hand-designed optimizers. This simple training method
can achieve reasonable generalization abilities in that the learned optimizers are transferable
across different datasets without using meta-training datasets (Wichrowska et al., 2017) or
random scaling (Lv et al., 2017), though those engineering innovations are orthogonal to
our method and could further improve ours. We also observed that on small-scale problems,
Adam can reach a significantly better performance when the behavior of the learning rates
is that of an increase preceding a decay.

5. Future work
In (Loshchilov and Hutter, 2016), the authors have shown that warm-restarting the SGD
training periodically is an effective overall scheme. For example, if we restart the training
by using aggressive fixed learning rates for a while every S epoch, neural optimizers can be
used to tune the learning rates and decay within that cycle without unrolling the LSTM
too many steps.
It has also been shown that learned or adaptive optimizers (Baydin et al., 2017; Andrychowicz et al., 2016) (including ours) on small-scale problems usually prefer the behavior of
changes to the parameters of decay following an initial increase. But studies based on
SGD (He et al., 2016) suggest warm-up, namely a strategy of using less aggressive learning
rates at the start of training, for large-scale ones. Since our method has shown impressive
results on small-scale problems, we look forward to future work on extending it to large-scale
ones.
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