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Abstract
Attention and self-attention mechanisms, inspired
by cognitive processes, are now central to stateof-the-art deep learning on sequential tasks. However, most recent progress hinges on heuristic
approaches that rely on considerable memory and
computational resources that scale poorly. In this
work, we propose a relevancy screening mechanism, inspired by the cognitive process of memory consolidation, that allows for a scalable use
of sparse self-attention with recurrence. We use
simple numerical experiments to demonstrate that
this mechanism helps enable recurrent systems on
generalization and transfer learning tasks. Based
on our results, we propose a concrete direction of
research to improve scalability and generalization
of attentive recurrent networks.

1. Introduction
Historically, recurrent neural networks (RNNs) have been
the deep network architecture of choice to process sequential
inputs with dependencies over various timescales. Just like
neural circuits in the brain, they enable dynamics that can
be shaped to interact with input streams. However, RNNs
(including gated RNNs (Schmidhuber & Hochreiter, 1997;
Cho et al., 2014)) still struggle with large timescales as their
iterative nature leads to unstable information propagation
(Bengio et al., 1994; Pascanu et al., 2013; Schmidhuber &
Hochreiter, 1997; Hochreiter, 1991). Indeed, Bengio et al.
(1994) showed that without making additional assumptions,
storing information in a fixed-size state vector in a stable
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way necessarily leads to vanishing gradients when backpropagating through time (see also (Hochreiter, 1991)).
Several attempts have been made to augment RNN dynamics with external memory to mitigate these issues
(Sukhbaatar et al., 2015; Graves et al., 2014; Santoro et al.;
Graves et al., 2016), but it is only recently that access to
externally stored information has become effective with
the introduction of attention, and more particularly soft
attention mechanisms (Bahdanau et al., 2014). There is
substantial empirical evidence that attention, especially selfattention (Vaswani et al. (2017); Ke et al. (2018)), is very
helpful to improve learning and computations over longterm dependencies, and that these types of inductive biases
offer promising advantages for generalization and transfer
learning (Ke et al., 2018; Goyal et al., 2019). However, this
requires to hold inputs and/or past states in memory in order
to be considered for attentive computations, a process that
typically scales quadratically with sequence length. As for
recurrent networks, a promising solution to this has been
the use of sparse attention (see e.g. SAB (Ke et al., 2018)),
leading to models with varying degrees of reliance on both
recurrence and self-attention. However most of these models only delay computational issues by a constant factor and
are thus still scaling quadratically with sequence length.
In this paper, we are pushing the idea of sparse attention in
RNNs further. We showcase a simple relevancy screening
mechanism that aims to efficiently consolidate relevant memory, leading to an inductive bias that reduces the size of the
computational graph from quadratic to linear in sequence
length. The detailed treatment of this mechanism, including
supporting theorems for gradient propagation, will be presented in a forthcoming paper. In this present manuscript,
we compare various recurrent and attention models with our
proposed relevancy screening mechanism on a series of simple numerical experiments highlighting how the underlying
cognitive inductive bias helps with generalization. Finally,
we discuss how our methods can serve as a building block
to derive more sophisticated inductive biases which might
further improve memory retrieval and generalization.
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Figure 1. Magnitude of attention weights between states in a trained, fully recurrent and fully attentive model (Bahdanau et al. (2014)).
Each pixel in the lower triangle corresponds to the attention weight of the skip connection departing from the the state marked on the
y-axis to the state marked on the x-axis. Left shows Copy task, right shows Denoise task. Task details in Section 3

2. Relevancy screening mechanism
Let xt ∈ Rm be the input and ht ∈ Rn be the hidden state
at time step t, satisfying the RNN update equation for all
t ≥ 1,
ht+1 = φ(V st + U xt+1 + b)

(1)

st = f (ht , ct )

(2)
n

n

n

n×n

where φ is a non-linearity, f : R × R → R , V ∈ R
,
U ∈ Rn×m , b ∈ Rn and ct = α1,t h1 +α2,t h2 +. . .+αt,t ht
exp (e )
with αi,t := Pt expi,t(ej,t ) and ei,t := a(st−1 , hi ), where
j=1

a : Rn × Rn → Rn is the attention alignment function.
Throughout, we assume training is done via gradient descent
of a cost function L using back-propagation.
The most notable advances in the use of attention is in purely
attention-based systems such as the Transformer (Vaswani
et al., 2017), which completely foregoes recurrence and
inspired some of the work listed above. While the performance of these systems is impressive, their memory and
computation requirements grows quadratically with the total
sequence length. To address this issue, many variants that
aim to "sparsify" the attention matrix have been proposed.
Notably, Ke et al. (2018) developed the Sparse Attentive
Backtracking model (SAB), a self-attentive Long ShortTerm Memory network (LSTM) (Schmidhuber & Hochreiter, 1997) that leverages sparsity by selecting only the top-k
states in memory based on an attention score, propagating
gradients only to those chosen hidden states. Building on
the SAB model (Ke et al., 2018), we remark that although
sparse attention attends to the top-k states at any point in
time, attention scores must be computed on all events stored
in memory to extract the k best ones. Thus, the resource
bottleneck is not controlled by k, but rather by the number of stored events in memory. In SAB, there is a naive
attempt to control this number by only recording network
states at each 10 time steps. However, this reduces the size
of the computational graph only by a constant factor, but
retains O(T 2 ) complexity. Meanwhile, we know that the
only important hidden states to conserve for good gradient

propagation are the "relevant" ones (i.e. the ones where
the associated incoming attention scores are sufficiently
bounded away from zero). Thus, we propose to reduce
complexity while maintaining good gradient propagation by
selectively storing states that are predicted to be relevant in
the future, using a relevancy screening mechanism.
Algorithm 1 Relevancy Screening
1: procedure: RelRNN(st−1 , xt )
Require: Previous macro-state - st−1
Require: Input - xt , ν > 0, ρ > 0
(i)
Require: Short-term buffer st−1 ∈ St−1
(i)
Require: Relevant set rt−1 ∈ Rt−1
2: ht ← φ(V st−1 + U xt + b)
3: St = St−1 .add(ht )
4: if t − ν > 0 then
5:
St = St .remove(ht−ν )
6: if t − ρ > 0 and C(t − ρ) = T rue then
7:
Rt = Rt−1 .replaceWith(ht−ρ )
8: Mt = [St , Rt ]
9: for all m(i) ∈ Mt do
10:
z̃ (i) ← vaT · tanh (Wa st−1 + Ua m(i) )
11: z ← softmax(z̃)
P
12: st = ht + i z (i) m(i)
13: return st
The idea is simple: devise a screening function C(i) which
estimates the future relevance of hi , and store selected states
in a relevant set Rt = {hi |i < t ∧ C(i) = T rue} for
future attention. In principle, one can explicitly control how
Rt grows with t, thus mitigating the complexity scaling
outlined above. Here, C(i) could take many forms, the best
of which depends on task structure. In what follows, we
present an example screening mechanism.
We take inspiration from memory consolidation principles
in human cognition (Alberini et al., 2013), which defines the
transfer of events from short-term to long-term memory. We
remark that for some tasks such as those depicted in Figure 1,
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relevance varies very little across time. To implement relevancy screening for such tasks, at every time step t we attend
to two subsets of the past hidden states. We call the first
subset a short-term buffer St = {ht−ν , ht−ν+1 , .., ht−1 }
which consists of the hidden states of the last ν time steps,
while the second subset is the relevant set Rt .P
We compute
i+ν−1
the relevance score at time step i, β(i) =
αi,j ,
j=i
measuring the integrated attention scores over our shortterm buffer St . More precisely, C(i) is satisfied if β(i) is
part of the top ρ relevance scores when compared to all
previously observed hidden states, where ρ is a fixed hyperparameter satisfying ρ ≥ |Rt | for all t. The pseudo-code in
Algorithm 1 describes the screening mechanisms and the
interaction between the short-term buffer St and a finite size
relevant set Rt . ’.replaceWith()’ is a function replacing the
hidden state with the lowest relevance score by the hidden
state in the argument.
We note that the sets St and Rt give rise to a sparse attention
mechanism with sparsity coefficient κ satisfying κ = ν +
ρ ≥ |St | + |Rt |. Hence, memory complexity is constant
while the O(T 2 ) bottleneck of computational complexity is
replaced by O((ρ + ν) · T ) = O(T ).

3. Experiments
Before describing experiments, we make a few remarks.
First, we stress that Relevancy Screening can be applied
to any semi-parametric attentive model but we refer to the
version presented below, which uses an RNN/LSTM base,
as RelRNN/RelLSTM ("Relevance RNN /LSTM"). Second,
our objective is not to find state-of-the-art performance but
to highlight a more scalabale usage and the generalization
advantages of state relevancy and selective sparsity. In
what follows, we denote MemRNN/MemLSTM for vanilla
self-attention RNN/LSTM as defined in (Bahdanau et al.,
2014). We consider two task categories to highlight distinct impacts of selective attention and recurrence. The
first category specifies tasks with sparse dependency chains,
highlighting generalization and transfer properties, and the
second includes a variety of reinforcement learning (RL)
tasks, suggesting that selective relevancy is a key ingredient
for generalization in RL. Further implementation details and
hyper-parameters can be found in the Appendix A.
3.1. Tasks with sparse dependency chains
A good stereotypical task type that captures sparse sequences of important states are memorization tasks. Here,
the network has to memorize a sequence of relevant characters presented among several non-relevant ones, store it for
some given time delay and output them in the same order as
they were read towards the end of the sequence.
Transfer Copy task: An important advantage of sparse
attentive recurrent models such as RelRNN is that of
generalization. This is illustrated by the Transfer Copy

Table 1. Results for Transfer Copy task.

T

100

200

400

2000

5000

orth-RNN 99%
4% 16% 10% 0%
expRNN 100% 86% 73% 58% 50%
MemRNN 99% 99% 99% 92% OOM
RelRNN 100% 99% 99% 99% 99%
LSTM
99%
h-detach 100%
SAB
99%
RelLSTM 100%

64%
91%
95%
99%

48%
77%
95%
99%

19%
51%
95%
99%

14%
42%
95%
99%

Table 2. Results for Denoise task.

T

100

300

500

1000

2000

orth-RNN 90%
expRNN
34%
MemRNN 99%
RelRNN 100%

71%
25%
99%
99%

61%
20%
99%
99%

29% 3%
16% 11%
99% OOM
99% 99%

LSTM
82%
GORU
92%
SAB
99%
RelLSTM 100%

41%
93%
99%
99%

33%
91%
99%
99%

21%
93%
99%
99%

15%
73%
99%
99%

scores (Hochreiter & Schmidhuber, 1997) where models
are trained on Copy task for T = 100 and evaluated for
T > 100. Table 1 shows results for the models listed above,
in addition to h-detach (Arpit et al., 2018), an LSTM-based
model with improved gradient propagation. Importantly,
where purely recurrent networks performed well on the original task, all fail to transfer, with discrepancy growing with
T . As expected, MemRNN and SAB keep good performance but RelRNN outperforms them, with almost perfect
performance for all T . While both SAB and RelRNN use
sparse memory storage and retrieval, the distinguishing factor is RelRNN’s use of relevancy screening, indicating it’s
importance for transfer. The performance of RelLSTM on
Transfer Copy is exactly the same as RelRNN.
Denoise task Jing et al. (2019): This generalizes the Copy
task as the symbols that need to be copied are now randomly
distributed among the T time steps, requiring the model to
selectively pick the inputs that need to be copied. We test
our method against all the previously mentioned models in
addition to GORU (Jing et al., 2019) for various values of T
(Table 2). RelLSTM performs exactly as RelRNN and again,
we see RelRNN maintain complete performance across all
T values, outperforming all purely recurrent models. MemRNN performs as RelRNN/RelLSTM but fails to train due
to memory overflow beyong T = 500.
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3.2. MiniGrid reinforcement learning tasks
We next consider a few tasks from MiniGrid (ChevalierBoisvert et al., 2018) in the OpenAI gym (Brockman et al.,
2016) in which an agent must get to certain goal states. We
use a partially observed formulation of the task, where the
agent only sees a small number of squares ahead of it. These
tasks are difficult to solve with standard RL algorithms, due
to (1) the partial observability of the environment and (2)
the sparsity of the reward, given that the agent receives a
reward only after reaching the goal. We use Proximal Policy
Optimization (PPO, (Schulman et al., 2017)) along with
LSTM, MemLSTM, and RelLSTM as the recurrent modules. All models were each trained for 5000000 steps on
each environment. The hyperparameters used for RelLSTM
are ν = 5 and ρ = 5. Our goal is to compare generalization of the solutions learned by each model by training on
smaller version of an environment and testing it on a larger
version. On the MiniGrid-DoorKey-5x5-v0 environment the
average reward for LSTM is 0.94, MemLSTM is 0.94 and
RelLSTM is 0.93. On transferring the learned solution to
the 16x16 version of that environment the average reward
for LSTM is 0.09, MemLSTM is 0.31 and RelLSTM is
0.44. In summary, we find that transfer scores for RelLSTM are much higher than other tested models for several
environments.
Environment

LSTM MemLSTM RelLSTM
Train

RedBlueDoors-6x6
GoToObject-6x6
MemoryS7
GoToDoor-5x5
Fetch-5x5
DoorKey-5x5

0.97
0.81
0.96
0.28
0.48
0.94

0.97
0.85
0.4
0.17
0.42
0.94

0.97
0.84
0.94
0.25
0.5
0.93

Test
RedBlueDoors-8x8
GoToObject-8x8
MemoryS13
GoToDoor-8x8
Fetch-8x8
DoorKey-16x16

0.95
0.66
0.25
0.13
0.38
0.09

0.95
0.66
0.24
0.11
0.44
0.31

0.95
0.74
0.30
0.15
0.45
0.44

Table 3. Average Train and Test Rewards for MiniGrid Reinforcement Learning task. The models were trained on the smaller
version of the environment and tested on the larger version to test
to generalization of the solution learned.

4. Conclusion & Discussion
We identify event relevancy as a key concept to efficiently
scale attentive systems to very long sequential computations.
This is illustrated via a Relevancy Screening Mechanism,
inspired by the cognitive process of memory consolidation

in the brain, that efficiently selects network states, called
relevant events, to be committed to long-term memory based
on a screening heuristic operating on a fixed-size short-term
memory buffer. We showcase the benefits of this mechanism
in an attentive RNN and LSTM which we call RelRNN
and RelLSTM respectively, using simple but illustrative
numerical experiments, and demonstrate the optimal tradeoff between memory usage and good gradient propagation
it achieves.
While our proposed relevancy screening mechanism exploits "local" attention scores (measured while events are in
short-term memory buffer), we acknowledge other types of
relevancy could be formulated with heuristics better suited
to distinct environments enhancing the effects of the used
cognitive inductive bias on generalization. For instance,
promising directions include leveraging predictive coding
principles to select "surprising events", or neural networks
could be used to learn the screening function C(i) in an endto-end fashion. Another promising direction is to improve
the representation of the hidden states in such a way that one
wouldn’t need to attend over a large subset of past states,
even if the number of past relevant states becomes large.
Inspired by pattern replays in the hippocampus (Foster &
Wilson, 2006), one could attempt to define a mechanism
which reorganizes the non-parametric memory offline, in
order to improve the representation of the hidden states in
such a way that retrieval becomes more efficient.
Finally, we argue that memory selectivity is an important
concept for generalization and computational efficiency in
self-attentive recurrent neural networks, while serving as a
building block to construct more sophisticated cognitively
inspired inductive biases. Further work is necessary to identify the key mechanisms present in our approach that enable
this learning flexibility. As a step toward building this understanding, we note that a relevancy screening process enables
a balance between recurrent dynamics and self-attention
which leads to improved computational complexity and
memory requirements. A detailed analytical treatment of
this can be found in a forthcoming paper.
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Appendix
A. Additional Results

Figure 2. Cross-entropy vs training updates for Copy (top) and Denoise (bottom) tasks for T = {100, 200, 300, 500, 1000, 2000}. 1 unit
of the x-axis is equal to 100 iterations of training with the exception of expRNN where 1 unit on the x-axis is 10 iterations of training.
Table 4. Results for Copy Task

T
100
200
300
500
1000
2000

LSTM orth-RNN expRNN MemRNN

SAB

100%
100%
100%
12%
12%
12%

100%
100%
100%
100%
100%
100%

100%
100%
100%
100%
80%
11%

100%
100%
100%
100%
100%
100%

100%
100%
100%
100%
100%
OOM

RelRNN RelLSTM
100%
100%
100%
100%
100%
100%

Table 5. Hyperparameters used for Copy task

Model
orthRNN
expRNN
LSTM
RelRNN

lr

optimizer non-linearity

0.0002 RMSprop
0.0002 RMSprop
0.0002
Adam
0.0002
Adam

modrelu
modrelu
tanh

ν

ρ

10 10

100%
100%
100%
100%
100%
100%
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Figure 3. Training curves for LSTM on Denoise task

Figure 4. Training curves for GORU on Denoise task

Figure 5. Heatmap of attention scores on Copy task when only doing attention over the Short Term Buffer.
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Figure 6. Heatmap of attention scores on Denoise task when only doing attention over the Short Term Buffer.

Figure 7. Heatmap of attention scores on PTB task training with full attention and BPTT of 125

Figure 8. Validation accuracy curves for pMNIST
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Table 6. Hyperparameters used for Denoise task

Model

lr

orthRNN
expRNN
LSTM
GORU
RelRNN

0.0002
0.0002
0.0002
0.001
0.0002

optimizer non-linearity

ν

RMSprop
RMSprop
Adam
RMSprop
RMSprop

10 10

modrelu
modrelu
modrelu

ρ

Table 7. PTB and pMNIST results.

Model

PTB Task
pMNIST
BPC Accuracy Accuracy

RNN
1.56
orth-RNN 1.53
expRNN 1.49
RelRNN 1.43

66%
66%
68%
69%

90.4%
93.4%
96.6%
92.8%

LSTM
1.36
h-detach
SAB
1.37
RelLSTM 1.36

73%
73%

91.1%
92.3%
94.2%
94.3%

Figure 9. Heatmap of attention scores on MNIST digit classification. 7 pixels were grouped at each time step to make visualization of
heatmap easier.

Table 8. Hyperparameters used for sequential MNIST

Model

lr (lr orth)

orthRNN
0.0001
expRNN 0.0001(0.00001)
LSTM
0.0002
GORU
RelRNN
0.0003

optimizer non-linearity
Adam
Adam

Adam

modrelu
modrelu

ν

ρ

modrelu

-

10

10

Learning Long-term Dependencies Using Cognitive Inductive Biases in Self-attention RNNs

Table 9. Hyperparameters used for PTB

Model

lr (lr orth)

orthRNN
0.001
expRNN 0.003(0.0003)
LSTM
0.0002
GORU
RelRNN
0.0003

optimizer non-linearity
Adam
Adam

Adam

tanh
tanh
tanh

ν

ρ

10

5

