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ABSTRACT

Proceedings of the 43rd International ACM SIGIR Conference on Research and
Development in Information Retrieval (SIGIR ’20), July 25–30, 2020, Virtual
Event, China. ACM, New York, NY, USA, 10 pages. https://doi.org/10.1145/
3397271.3401436

Deep recommender systems have achieved promising performance
on real-world recommendation tasks. They typically represent users
and items in a low-dimensional embedding space and then feed the
embeddings into the following deep network structures for prediction. Traditional deep recommender models often adopt uniform
and fixed embedding sizes for all the users and items. However,
such design is not optimal in terms of not only the recommendation
performance and but also the space complexity. In this paper, we
propose to dynamically search the embedding sizes for different
users and items and introduce a novel embedding size adjustment
policy network (ESAPN). ESAPN serves as an automated reinforcement learning agent to adaptively search appropriate embedding
sizes for users and items. Different from existing works, our model
performs hard selection on different embedding sizes, which leads
to a more accurate selection and decreases the storage space. We
evaluate our model under the streaming setting on two real-world
benchmark datasets. The results show that our proposed framework
outperforms representative baselines. Moreover, our framework
is demonstrated to be robust to the cold-start problem and reduce
memory consumption by around 40%-90%. The implementation of
the model is released1 .
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INTRODUCTION

Recommender systems have been widely deployed in various commercial scenarios from e-commerce websites, music and video platforms to social media [11]. They model the user-item relationships
and seek to predict users’ preference for items [18]. Recently, deep
learning based recommender models [14, 24] have attracted considerable interests from the research community thanks to their
excellent ability to learn the feature representations of users and
items as well as modeling the non-linear relationships between
users and items [26]. Deep recommender systems consist of two
key components: a representation layer and an inference layer.
The former learns to map discrete user and item identifiers into
real-value embedding representations and the latter takes the embedding representations as input to calculate the prediction results
for specific recommendation tasks. A lot of endeavors have been
conducted on designing various network architectures for the inference layer to improve the performances of recommender systems
while the representation layer remains not well-studied. However,
representation learning plays an important role in the success of
recommender systems [4, 15, 17]. Learned embedding representations can effectively represent categorical features like user and
item identifiers in a low-dimensional embedding space. They preserve the valuable features of the users and items. With them,
recommender systems can make a more accurate inference and
then boost their performance. Meanwhile, as a part of the whole
recommendation framework, the embedding representations are
the key model parameters. They are learned jointly with other parts
to better adapt to specific recommendation tasks and even show
more important impacts on model performance than other parts [7].
Hence, designing a suitable representation layer is important for
deep recommender systems.
Traditional deep recommender systems adopt uniform and fixed
embedding sizes for all users and items in the representation layer.
However, this design could be not optimal for real-world recommendation problems. We propose to dynamically search the embedding sizes for different users and items. The reasons are as follows.
First, in a recommendation problem, different users and items have
highly varied frequencies. For users/items with high frequency,
high-dimensional embeddings can achieve better performances
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Figure 1: An illustration of the overview of the proposed framework.
since they provide sufficient parameters and capacities to encode
the features of the users/items [28]. Moreover, low-dimensional
embeddings are more suitable for users/items with low frequency.
With little data, low-dimensional embeddings can be well-trained
but high-dimensional embeddings may lead to overfitting due to
over-parameterization [9]. Thus, uniform embedding sizes for users
and items limit the performance of the model. Second, in real-world
recommendations, the frequency of a user/item changes dynamically. The embedding size of a user/item should be adjusted along
with the change of its frequency so that its features can be encoded
more effectively. Fixed-size embeddings are incompetent to deal
with users and items whose frequencies change dynamically. Third,
given that there are typically a huge number of users and items
in a recommendation task, using embeddings with uniform and
fixed dimensions for all users/items needs much memory [9]. By
selecting appropriate embedding sizes for different users and items,
we can save the storage space while maintaining the performance
of the model.
To dynamically search the embedding sizes for different users
and items, we face the following challenges. First, a recommender
system often has a massive amount of users and items, thus it’s
difficult if possible to search the embedding size for each of them
manually. Second, although AutoML methods such as differentiable
architecture search (DARTS) [12] have been proposed to automatically search neural network architectures, they cannot be applied
directly since dynamically searching the embedding sizes is a nondifferentiable operation, which cannot be directly learned by gradient backpropagation. Moreover, although some previous works [28]
tried to make this operation differentiable by using a soft selection
of embeddings of different sizes, they will increase the storage space

and fail to select one embedding size while eliminating the influence of other embedding sizes. To address the above challenges, in
this work, we propose a novel Embedding Size Adjustment Policy
Network (ESAPN), which serves as an automated reinforcement
learning (RL) agent to dynamically search the embedding sizes for
users and items in deep recommender systems under the streaming
scenario. In the policy network, we apply hard selection on different
embedding sizes so that we can accurately select one embedding
size at each time. Accordingly, we also propose an optimization
method to update the whole framework, i.e., the policy network and
the recommender system. We conduct extensive experiments on
two public recommendation datasets and the results show that our
proposed framework outperforms several competitive baselines.
Besides, our framework is shown to perform better in the cold start
problem and reduce storage memory significantly.
The remainder of this paper is organized as follows. First, we
will detail the proposed framework, including the basic recommendation model and the embedding size adjustment policy network in
Section 2. Then, we carry out our experimental setups and results
with discussions in Section 3. Next, in Section 4, we review related
work. Finally, Section 5 concludes the work with possible future
research directions.

2

THE PROPOSED FRAMEWORK

In this section, we will detail our proposed framework that dynamically adjusts the embedding size of users and items in the
streaming recommendation. We will first illustrate the overview of
the whole framework, then introduce the deep recommendation
model, and next present the policy network for adjusting embedding size. Afterward, we detail the method to optimize our proposed
framework.
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Figure 2: An illustration of the deep recommendation model.

2.1

2.2

Overview

In this work, we investigate the task of streaming recommendation. In the streaming setting, user-item transactions are collected
continuously from a steady stream [2]. Given each mini-batch of
user-item transactions, the recommendation model first makes predictions of the users’ preferences for items. The prediction results
are recorded for evaluation. Then, based on the ground-truth labels,
the recommendation model is optimized by minimizing the prediction errors. Thus, a streaming recommendation model conducts
inference and training alternatively on each mini-batch of data
that appear in the stream, which is different from the traditional
recommendation settings where data is explicitly split to training
and test sets. In the streaming setting, the frequencies of users and
items change dynamically over time, so as discussed in Section 1,
it is desired to find a way to automatically adjust the embedding
sizes of the users and items accordingly.
Our framework consists of two core components: (i) the deep recommendation model and (ii) the embedding size adjustment policy
network. The deep recommendation model takes user-item pairs
as input to predict the user’s preference for the item. The policy
network serves as an RL agent to adaptively adjust the embedding
sizes of the users and items throughout the streaming recommendation process so that the recommendation model can be better
trained and its performance will be boosted. An overview of the
proposed framework is illustrated in Figure 1. As shown in the
figure, given the 𝑘-th user-item pair in the stream, the policy network first selects the appropriate embedding sizes of both of them.
Next, we look up the embedding table to obtain the embeddings of
the user and the item with proper sizes, respectively. Afterward,
the embeddings are fed into the deep recommendation model to
calculate the prediction results. Combined with the ground-truth
label, the recommendation model will be updated. What’s more,
the predictions will pass through a reward function to compute a
reward, which will serve as a signal to update the policy network.
Next, we will detail the deep recommendation model and the policy
network.

Deep Recommendation Model

The deep recommendation model is illustrated in Figure 2. Given
a pair of user 𝑢 and item 𝑖, the model predicts the preference of
the user for the item, which can be a binary 0-1 label indicating
whether the user will purchase it or not or a plural categorical rating
measuring the degree of preference. We investigate both two cases
in this work. We refer to the former as the binary classification task
and the latter as the multiclass classification task.
Suppose we have 𝑛 candidate embedding sizes for both of users
and items 𝐷 = {𝑑 1, 𝑑 2, . . . , 𝑑𝑛 } where 𝑑 1 < 𝑑 2 < · · · < 𝑑𝑛 2 . Given
the user-item pair (𝑢, 𝑖), the policy network adaptively chooses the
𝑗 (𝑢) -th and the 𝑗 (𝑖) -th embedding sizes for the user and the item,
respectively. From the embedding table, we get the embeddings
of the user e (u) with dimension 𝑑 𝑗 (𝑢) and the embedding of the
item e (i) with dimension 𝑑 𝑗 (𝑖 ) . Since the input dimension of the
following inference layer is fixed, we need to unify the sizes of the
input embeddings. Thus, we first define a series of linear transformations. The transformations map embeddings into the adjacent
larger dimension (e.g. 𝑑 1 → 𝑑 2 , 𝑑 2 → 𝑑 3 , etc.):
e2 = 𝑊1→2 e1 + 𝑏 1→2
e3 = 𝑊2→3 e2 + 𝑏 2→3

(1)

···
en = 𝑊𝑛−1→𝑛 en−1 + 𝑏𝑛−1→𝑛
where ek is any embedding with dimension 𝑑𝑘 (𝑘 = 1, 2, . . . , 𝑛).
𝑊𝑘−1→𝑘 and 𝑏𝑘−1→𝑘 are learnable weight and bias parameters.
Note that we have two different sets of weight and bias parameters
for users and items. For simplicity, we don’t explicitly distinguish
them. In the implementation, the inference layer requires user/item
𝑑
embeddings of size 𝑑𝑛 ; thus given user embedding e (u) ∈ R 𝑗 (𝑢)
𝑑
and item embedding e (i) ∈ R 𝑗 (𝑖 ) , we map them into the largest
dimension 𝑑𝑛 through consecutive linear transformations to get
2 Users

and items can have two different sets of embedding sizes. For simplicity, we
assume that they share the same set in this work.
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Figure 3: An illustration of the embedding size adjustment policy network.
the transformed embeddings ê (u) ∈ R𝑑𝑛 and ê (i) ∈ R𝑑𝑛 :
×𝑊 𝑗 (𝑢/𝑖 ) →𝑗 (𝑢/𝑖 ) +1

×𝑊𝑛−1→𝑛

+𝑏 𝑗 (𝑢/𝑖 ) →𝑗 (𝑢/𝑖 ) +1

+𝑏𝑛−1→𝑛

2.3.3 Policy and Action. We have two policy networks of the same
structure for users and items, respectively. Next, we take the user
policy network as an example to illustrate the policy network in
Figure 3. The user policy network takes the state 𝑠 (the frequency
and the current embedding size of a user) as input to predict an
action 𝑎 indicating how we should adjust its embedding size. Given
the frequency and the current embedding size of a user, we first
map the frequency (an integer value) into an embedding representation and convert the current embedding size into a one-hot vector
with dimension 𝑛, where 𝑛 is the number of candidate embedding
sizes. Afterward, these two vectors are concatenated and fed into
multilayer perceptrons (MLP) with 𝑚 hidden layers. Finally, the
last hidden state ℎ𝑚 passes through a Softmax layer to predict the
probabilities of choosing two actions: (i) enlarge and (ii) unchange.
“Enlarge” means to enlarge the embedding size of the given user
to the next larger candidate embedding size, such as from 𝑑𝑘 to
𝑑𝑘+1 , while “unchange” indicates to keep the current embedding
size. The reason why we only choose to increase and keep the
embedding dimensions is that the frequencies of users are always
monotonically increasing in the data stream. We only allow the
embedding size to change to the adjacent candidate size rather
than even larger ones at each time since the frequencies of users
change gradually and the change of embedding sizes should be
consistent with this fashion. If we choose to enlarge the embedding
size of a given user, we initialize its embedding with the next larger
size by performing the learned linear transformation in Eq 1. For
example, when we choose to enlarge the embedding size of a user
from 𝑑𝑘 to 𝑑𝑘+1 , the new embedding ek+1 is initialized from the old
embedding ek through ek+1 = 𝑊𝑘→𝑘+1 ek + 𝑏𝑘→𝑘+1 . In this way,
the information in the learned old embedding can be inherited and
the new embedding is not initialized from scratch.
Advantages of Hard Selection. The work [28] changes the
embedding sizes of users/items by adjusting the weights of various
candidate embedding sizes and calculate the embedding to use as a
weighted sum of all the candidate embeddings at each time, which
is known as soft selection. In contrast, our method selects the embedding of one size at each time, which is known as hard selection.
Hard selection has two benefits. First, the hard selection focuses
on the embedding of one size at each time and can eliminate the
interference of the redundant information from the embeddings
of other sizes. Adopting embeddings of one size at each time also

e (u/i) −−−−−−−−−−−−−→ · · · −−−−−−−→ ê (u/i) ∈ R𝑑𝑛
Following [28], we perform batch normalization with Tanh activation function on the transformed embeddings. Next, the concatenation of them [ê (u) : ê (i) ] are fed into the inference layer, which
comprises multilayer perceptrons (MLP) with 𝑚 hidden layers:
ℎ 1 = tanh(𝑊1 [ê (u) : ê (i) ]) + 𝑏 1
ℎ 2 = tanh(𝑊2ℎ 1 ) + 𝑏 2
···
ℎ𝑚 = tanh(𝑊𝑚 ℎ𝑚−1 ) + 𝑏𝑚
The hidden state of the last layer ℎ𝑚 is then used to calculate the
prediction results through an activation function, which depends
on the specific task. For the binary classification task, it will be the
Sigmoid function while it is chosen to be the Softmax function for
the multiclass classification task.

2.3

The Policy Network

The policy network serves as an RL agent that dynamically adjusts
the embedding sizes of users and items. It maintains the current
embedding sizes of all the users and items. Given the state of a
user or an item, it takes an action to adjust the embedding size
following a policy. It interacts with the environment by feeding the
adjusted embeddings into the recommendation model and receives
the corresponding reward based on the prediction. Afterward, the
policy is updated to maximize the reward. Next, we will introduce
the environment, state, policy, action, and reward in detail.
2.3.1 Environment. The environment is the deep recommendation
model. Given a pair of user and item along with their adjusted
embedding sizes, it returns the prediction result.
2.3.2 State. The state 𝑠 = (𝑓 , 𝑒) is the combination of the frequency
𝑓 and the current embedding size 𝑒 of a given user or item. Based
on the frequency and the current embedding size of the user/item,
the policy network decides how to adjust the embedding size.
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makes the training more efficient and leads to better performance,
which will be later verified in Section 3.6. Second, hard selection
requires less memory. Soft selection needs to maintain the embeddings of all the candidate sizes while hard selection only needs to
dynamically maintain the embeddings of the current size and once
we decide to enlarge the size of an embedding, the old embedding
is abandoned. It will be later demonstrated in Section 3.7 that our
method is significantly more efficient in terms of memory.

the labels to be 1. The MSE loss is defined as:
𝑁
1 Õ
(𝑦𝑘 − 𝑦ˆ𝑘 ) 2
𝑀𝑆𝐸 (Θ) =
𝑁

where 𝑁 is the size of a mini-batch.
In the multiclass classification task, the recommendation is op𝑁 are the
timized on the cross-entropy (CE) loss. Suppose {𝑐𝑘 }𝑘=1
𝑁
ground-truth labels of the mini-batch {𝑢𝑘 , 𝑖𝑘 }𝑘=1 . The CE loss is
defined as
𝑁 𝑀−1
1 ÕÕ
𝐶𝐸 (Θ) = −
𝑦𝑘𝑚 log 𝑝𝑘𝑚
(4)
𝑁
𝑚=0

2.3.4 Reward. We choose suitable embedding sizes for users and
items to boost the performance of the recommendation model. So
the policy network should be optimized by maximizing a reward
that reflects the prediction ability of the recommendation model.
We define the rewards based on the errors of prediction results made
by the recommendation model. Given a transaction between user 𝑢
and item 𝑖 and their selected embedding sizes, the recommendation
model makes predictions and returns a loss 𝐿 based on the groundtruth label. The loss functions are defined later in Section 2.4.1
for the binary and multiclass classification tasks, respectively. We
use two first-in-first-out (FIFO) queues to maintain the latest 𝑇
(𝑢)
(𝑢)
prediction losses 𝐿 (𝑢) = (𝐿1 , . . . , 𝐿𝑇 ) for the user 𝑢 and 𝐿 (𝑖) =
(𝑖)

(𝑖)

𝑘=1

where 𝑁 is the size of a mini-batch, 𝑀 is the number of classes
and 𝑦𝑘𝑚 is 1 when (𝑢𝑘 , 𝑖𝑘 ) belongs to class 𝑚 and 0 otherwise. 𝑝𝑘𝑚
indicates the probability predicted by the recommendation model
that (𝑢𝑘 , 𝑖𝑘 ) belongs to class 𝑚.
2.4.2 Policy Network. Suppose the user policy network and the
item policy network are parameterized by Φ (𝑢) and Φ (𝑖) , respectively. As discussed in Section 2.3, we formulate the optimization of
the policy network as a reinforcement learning problem. We take
the user case as an example and omit the superscript (𝑢) for simplicity. With the reward function defined in Eq 2, the objective function
that the policy network aims to maximize can be formulated as:

(𝑢/𝑖)

(𝐿1 , . . . , 𝐿𝑇 ) for the item 𝑖 respectively, where 𝐿𝑡
indicates
the 𝑡-th to the last prediction loss on the user 𝑢 / the item 𝑖. Given
the current prediction loss 𝐿 of the user 𝑢 and the item 𝑖, the rewards
for the user policy network and the item policy network are defined
as the difference between the average of the last 𝑇 prediction losses
and the current loss, respectively:
𝑅 (𝑢) =

𝑇
1 Õ (𝑢)
𝐿 −𝐿
𝑇 𝑡 =1 𝑡

𝑅 (𝑖) =

𝑇
1 Õ (𝑖)
𝐿 −𝐿
𝑇 𝑡 =1 𝑡

𝐽 (Φ) = E𝑎∼Φ(𝑎 |𝑠) 𝑅(𝑎|𝑠)

(5)

where 𝑠 is the state and 𝑎 is the action. In practice, it’s not easy to
obtain the accurate value of 𝐽 (Φ) in Eq 5. Various methods have
been proposed to estimate its value and gradient. We adopt MonteCarlo sampling to estimate ∇Φ 𝐽 (Φ) and apply the REINFORCE
algorithm [23] to optimize the objective in Eq 5. Specifically,
Õ
∇Φ 𝐽 (Φ) =
𝑅(𝑎|𝑠)∇Φ(𝑎|𝑠)
(6)

(2)

𝑎

=
The reward can be viewed as the reduction of the current prediction loss compared to previous losses. Since the prediction losses
of one user can be highly varied when it interacts with different
items and vice versa, we use the average of the last 𝑇 losses as the
base instead of the last one loss.

2.4

(3)

𝑘=1

Õ

𝑅(𝑎|𝑠)Φ(𝑎|𝑠)∇ log Φ(𝑎|𝑠)

𝑎

= E𝑎∼Φ(𝑎 |𝑠) [𝑅(𝑎|𝑠)∇ log Φ(𝑎|𝑠)]
≈

𝑁
1 Õ
𝑅(𝑎|𝑠)∇ log Φ(𝑎|𝑠)
𝑁 𝑖=1

where 𝑁 is the number of samples. In our implementation, we set
sample number 𝑁 = 1 to improve the computational efficiency.
With the obtained gradient ∇Φ 𝐽 (Φ), the parameters of the policy
network can be updated as follows:

An Optimization Method

In this subsection, we will introduce how to optimize the deep recommendation model and the policy network, respectively. Next, we
will detail how to train the whole framework under the streaming
setting.

Φ ← Φ + 𝛼 𝑃 ∇Φ 𝐽 (Φ)

(7)

where 𝛼 𝑃 is the learning rate.

2.4.1 Deep Recommendation Model. Suppose that the deep recommendation model is parameterized by Θ. It is optimized in a
supervised manner by minimizing the difference between prediction results and ground truths. In the binary classification task, the
model is trained by minimizing the mean squared error (MSE) loss.
𝑁 along with
Given a mini-batch of user-item transactions {𝑢𝑘 , 𝑖𝑘 }𝑘=1
𝑁
the corresponding ground truth labels {𝑦𝑘 }𝑘=1 , where 𝑦𝑘 is 0 or 1,
𝑁 of
the recommendation model predicts the probabilities {𝑦ˆ𝑘 }𝑘=1

2.4.3 The Overall Optimization Algorithm. In this subsection, we
detail our AutoML-based algorithm for optimizing the whole framework. The algorithm is presented in Algorithm 1. In the streaming
recommendation, user-item transaction data are collected from a
steady stream 𝑆. We iterate batches of steady data from the stream
to optimize the framework. Inspired by ENAS [16], in each iteration, there are two stages: (i) the policy network optimization stage
(lines 2-6), where we update the policy network Φ using sampled
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• How does our proposed framework perform compared with
the traditional deep recommendation models with fixed embedding sizes? In other words, does dynamically adjust embedding sizes boost the performance on recommendation
tasks?
• How does our framework perform compared with other
representative AutoML-based recommendation models?
• Can our method alleviate the cold-start problem and reduce
memory consumption?

Algorithm 1: An optimization method for the whole
framework.
Input: User-item transaction data stream S = {𝐷 1, . . . , 𝐷 𝑁 }
which consists of 𝑁 batch of data
𝑛 , initial recommendation
𝐷𝑖 = {(𝑢𝑘 , 𝑖𝑘 , 𝑦𝑘 )}𝑘=1
model Θ and policy network Φ, hyper-parameters
𝛼 𝑃 and 𝛼𝑅 .
Output: a well-trained recommendation model Θ∗ and a
well-trained policy network Φ∗
1 repeat
𝑛 from the
2
Sample a validation batch 𝑉 = {(𝑢𝑘 , 𝑖𝑘 , 𝑦𝑘 )}𝑘=1
history transaction data
3
Sample action 𝑎ˆ𝑉 ∼ Φ(·|𝑠𝑉 )
𝑛
4
Temporarily adjust the embedding sizes of (𝑢𝑘 , 𝑖𝑘 )𝑘=1
according to 𝑎ˆ𝑉
𝑛 into the recommendation model Θ and
5
Input (𝑢𝑘 , 𝑖𝑘 )𝑘=1
calculate the rewards by Eq. 2
6
Update the policy network Φ by Eq. 7
7
Collect the current batch of the transaction data
𝑛 in the stream S
𝐷 = {(𝑢𝑘 , 𝑖𝑘 , 𝑦𝑘 )}𝑘=1
8
Select action 𝑎ˆ𝐷 from Φ(·|𝑠𝐷 )
𝑛
9
Permanently adjust the embedding sizes of (𝑢𝑘 , 𝑖𝑘 )𝑘=1
according to 𝑎ˆ𝐷
𝑛 into the recommendation model Θ and
10
Input (𝑢𝑘 , 𝑖𝑘 )𝑘=1
update Θ by Eq. 3 or Eq. 4
11 until The recommendation model Θ and the policy network Φ
converge.;

In this section, we will first introduce the experimental settings
including the datasets, the baselines and the implementation details.
Then we will present the overall performance comparison, the
performance comparison with frequency and memory consumption
comparison with discussions.

3.1

Our proposed method is evaluated on the following two popular
public recommendation benchmark datasets:
• MovieLens 20M Dataset3 (ml-20m): A movie rating dataset
collected from the personalized movie recommendation website MovieLens4 . The dataset contains 20 million 5-star ratings and 465,000 free-text tags applied to 27,278 movies provided by 138,493 users. The users are randomly selected and
every selected is guaranteed to have rated at least 20 movies.
• MovieLens Latest Datasets5 (ml-latest): A newly released
movie rating dataset collected from the same website. The
dataset contains 27 million 5-star ratings and 1.1 million tags
applied to 58,098 movies from 283,228 users. In this dataset,
the users are also randomly selected and all the selected
users had rated at least 1 movie.

validation data and (ii) the model optimization stage (lines 7-10)
where the recommendation model Θ is updated using the training
data from the stream.
Specifically, in the policy network optimization stage, we first
sample a batch of validation data 𝑉 from the previous stream data,
i.e., the history data (line 2). Based on the states of the users and
𝑛 in the validation data 𝑉 , we sample the actions
items (𝑢𝑘 , 𝑖𝑘 )𝑘=1
from the policy network Φ (line 3) and adjust the embedding sizes
of them accordingly (line 4). Note that we just change the embedding sizes temporarily. We then input the user-item pairs into the
recommendation model Θ to compute the rewards (line 5). Next,
the original embedding sizes are recovered. Based on the rewards,
the policy network Φ is updated by Eq 7 (line 6). In the model optimization stage, we use the current batch of stream data 𝐷 to update
the recommendation model Θ (line 7). Given the state 𝑠𝐷 , we select
the action 𝑎ˆ𝐷 with the highest probabilities predicted by the policy
network Φ (line 8) and permanently adjust the embedding sizes
accordingly (line 9). Next, we optimize the recommendation model
Θ by minimizing the MSE loss in Eq 3 or the CE loss in Eq 4 (line
10). The above procedure is repeated until the recommendation
model Θ and the policy network Φ converge.

3

Datasets

3.2

Implementation Details

In this subsection, we present the implementation details of our
recommendation model and the embedding size adjustment policy
network such as the selection of model structures and the setting
of the hyper-parameters.
First, we set six candidate embedding sizes 𝐷 = {2, 4, 8, 16, 64, 128}
for both the users and items. Second, for the recommendation model,
we adopt one hidden layer with a size of 512. It is trained via the
Adam [10] optimizer with an initial learning rate of 0.001. Third,
for the policy network, we also adopt one hidden layer with a size
of 512. We use the last 𝑇 = 5 prediction losses to compute the
reward. The policy network is trained by Adam optimizer with an
initial learning rate of 0.0001. The whole framework is trained on
mini-batches with a size of 500.
In the streaming recommendation setting, there is no explicitly
split for training and test sets. Given a mini-batch from the data
stream, the recommendation model is first tested on it and then
trained on it. The model is evaluated and trained alternatively from
the beginning to the end. Hence, for both of the two datasets, we
artificially choose the last 5 million transactions as the “test set”
and report the performance on it. Note that when evaluating the

EXPERIMENT

To validate the performance of our proposed framework, we conduct extensive experiments on two large-scale real-world recommendation datasets. Through the experiments, we seek to answer
the following three questions:

3 https://grouplens.org/datasets/movielens/20m/
4 https://movielens.org/
5 https://grouplens.org/datasets/movielens/latest/

2312

Industry (SIRIP) Papers II

SIGIR ’20, July 25–30, 2020, Virtual Event, China

Table 1: Overall performance comparison.

model on the “test set”, the model keeps being updated. All baseline
models follow the same setting as our model.

ml-20m

3.3

Baselines

Models

We compare our proposed framework with the following three
baseline methods:

FIXED
DARTS
AutoEmb
ESAPN

• FIXED: The original recommendation model with embeddings of uniform and fixed sizes. We adopt the embedding
size of 128 for all the users and items.
• DARTS [12]: A traditional DARTS method that adjusts embedding sizes by learning weights for the six candidate embedding sizes {2, 4, 8, 16, 64, 128} for each user or item. Then
the embedding of a user or an item is represented as the
weighted sum of the embeddings of the six candidate sizes.
• AutoEmb [28]: A DARTS-based method that trains a controller to dynamically assign weights for the six candidate
embedding sizes {2, 4, 8, 16, 64, 128} based on the frequency
of a given user or item. The embeddings are also represented
by soft selection.

3.4

Models
FIXED
DARTS
AutoEmb
ESAPN

Accuracy (%)
72.13
72.18
72.27
72.98

MSE Loss
0.1845
0.1836
0.1828
0.1785
ml-latest

Binary
Accuracy (%)
72.13
72.22
72.36
72.88

MSE Loss
0.1845
0.1834
0.1823
0.1790

Multiclass
Accuracy (%)
49.45
49.85
49.94
51.10

CE Loss
1.1517
1.1423
1.1399
1.1126

Multiclass
Accuracy (%)
50.01
50.46
50.47
51.11

CE Loss
1.1414
1.1304
1.1311
1.1147

size is related to the frequency and it can serve as evidence
that helps us to adjust the embedding sizes.
• Third, our model outperforms all the baseline models. The
embeddings used in DARTS and AutoEmb are soft combinations of embeddings of different sizes. Although the models
can learn to assign a high weight on the appropriate size,
the other embedding sizes still get non-zero weights and
contribute to the final embeddings, which results in inaccurate predictions. On the contrary, our model performs hard
selection, which accurately chooses one embedding size at
each time and avoids the influence of other embedding sizes.
This design makes the model easier to train and enables the
model to make more accurate inferences as well.

Tasks and Evaluation Metrics

We evaluate the baselines and our model on a binary classification
task and a multiclass classification task.
• Binary Classification Task: We transform the 5-star ratings to
binary labels where ratings of 4 and 5 are viewed as positive
(i.e. 1) and the rest as negative (i.e. 0), and ask the recommendation model to predict the correct label. We use predictive
probability 0.5 as the threshold to assign the label. We measure the performance of the models by the classification
accuracy and the mean-squared-error loss.
• Multiclass Classification Task: We view the 5-star ratings as 5
classes and ask the model to predict the correct rating. In this
task, we evaluate the models according to the classification
accuracy and the cross-entropy loss.

3.5

Binary

3.6

Performance Comparison with Frequency

In this section, we compare the performances of our model with
baselines on users/items with varied frequencies to further understand the superiority of our model. In Figure 4, we show the
average performances of the models on users/items with frequencies from 1 to 100. We show the accuracy and MSE loss for the
binary classification task and the accuracy and CE loss for the multiclass classification task on the ml-20m dataset. From the figures,
we can see that: (i) All the models perform better on users/items
with higher frequencies than those with lower frequencies. It is
easy to explain since there are more training examples of frequent
users/items and we are aware of more information about them. (ii)
Our model achieves better performances than the baselines. (iii)
If the frequencies of the users/items are lower, the improvements
in our model compared with the baselines are larger. The baseline
methods with a soft selection of embedding sizes suffer from the
cold-start problem. They adopt the combination of embeddings of
various sizes as an embedding, which is hard to train when the
user or the item appears few times. Moreover, they could hardly
assign all the weights to small embedding sizes for infrequent users
and items like hard selection, which inevitably brings the noise
from other embedding sizes. On the contrary, our model learns to

Overall Performance Comparison

In Table 1, we show the overall performances of the baselines as
well as our model on the two datasets. Based on Table 1, we make
the following observations:
• First, our model outperforms the baseline FIXED with a
significant margin in terms of all metrics on all the datasets
and tasks. It verifies that by adopting dynamically changing
embedding sizes for users and items, we can train a better
recommendation model with boosted performance.
• Second, the baselines DARTS and AutoEmb achieve better results than FIXED. DARTS and AutoEmb perform a
soft selection on a set of embeddings of various sizes with
dynamic weights, they realize the dynamic adjustment of
embedding sizes to some extent and get the performances
improved. What’s more, AutoEmb outperforms DARTS. Different from DARTS, AutoEmb introduces a controller to
adjust the weights of different embedding sizes based on
the frequencies of the users and items. The improvement
demonstrates that the selection of a reasonable embedding
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Figure 4: Performance Comparison on users and items with varied frequencies.

3.7

Memory Consumption Comparison

In the traditional recommendation models, the embeddings of users
and items are uniform and fixed. Thus the storage space needed to
store the embedding table grows linearly with the vocabulary size
[9]. However, real-world recommender systems typically involve
a huge number of users and items, which need massive storage
resources. By adaptively assigning embedding sizes for different
users and items, our model can reduce the unnecessary usage of
high dimensional embeddings so that the storage space can be saved
significantly. Note that the embedding layer often takes up most of
the parameters of a deep recommender system [7]; thus reducing
the embedding sizes can evidently save the memory. We show
the numbers of different embedding sizes the model has assigned
to different users and items at the end of the data stream in the
middle section of Table 2. We illustrate the comparison of memory
consumption between our model and the baseline FIXED in the right

User Emb Dims
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100

80

80

60

60

40

40

20

20
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20

30

40

(b1) Binary

120

50

0

90

60

60

0
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20

30

Frequency

40

50

30

10

20

30

40

50

(b2) Multiclass

120

90

30

(a2) Multiclass

120

100

0

Movie Emb Dims

adaptively assign small embedding sizes for infrequent users and
items so that the cold-start problem is alleviated.
To understand how our model chooses the embedding sizes
in terms of the frequencies, we draw Figure 5. In this figure, we
show the average embedding sizes chosen for users/items with
frequencies ranging from 1 to 50. We show the results on the ml20m dataset in terms of the binary and multiclass classification tasks.
We can see that the model adaptively selects small embedding sizes
for infrequent users/items and large ones for frequent users/items.
This supports the above observation – our model is more robust to
the frequencies of users and items.

0

10

20

30

40

50

Frequency

Figure 5: The average embedding sizes selected for users and
items with various frequencies.

section of Table 2. The baseline FIXED uses the maximum candidate
embedding size 128 for all the users and items. The column “Total
Dim” indicates the total number of embedding dimensions assigned
to all the users/items of our model. As a comparison, the column
“FIXED” shows the total number of embedding dimensions needed
in the FIXED model, that is, #(𝑢𝑠𝑒𝑟 ) × 128 or #(𝑖𝑡𝑒𝑚) × 128. The last
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Table 2: Memory consumption comparison.

2
user (ml-20m)
1,041
movie (ml-20m) 17,032
user (ml-latest) 62,808
movie (ml-latest) 45,430

4
8
16
64
128
Total Dim
10,854 18,146 30,836 22,830 54,786 9,157,770
216
380
623
2,237 6,790 1,060,224
83,190 31,450 22,778 31,613 51,389 9,675,448
2,089 2,006 1,678 1,545 5,350
925,792

4.2

column “Ratio” shows the ratio of total embedding dimensions of
our model to these of the FIXED model. All the results are collected
in the binary classification task. We can see that our model assigns
low-dimensional embeddings to a lot of infrequent users and items
and decreases the memory usage by around 40%-90% compared
with the traditional recommendation model with uniform and fixed
embedding sizes. Moreover, the AutoML-based models, DARTS and
AutoEmb, assign the total embedding size of 222 to all the users and
items. They occupy 1.73 times memory as the FIXED model does.
Compared with these AutoML models, our model’s advantage of
reducing memory consumption is even more significant.

4

AutoML Methods for NAS

Another category related to this work is AutoML for neural architecture search. The first paper in this area is NAS [33] which leverages
reinforcement learning with RNN to train lots of candidate components to convergence. Because of the high training cost, lots of
follow-up works aim to develop NAS with lower resource requirements. One category is to build a large model that connects smaller
model components, and select a subset of model components for
each candidate architectures, so that the optimal architecture is
trained in a single run. For instance, ENAS [16] sample a subset of
models by a controller, while SMASH [1] generates weights for sampled networks by a hyper-network. DARTS[12] and SNAS[25] view
connections as weights and optimize them via back-propagation.
Luo et al. [13] project the neural architectures into embeddings,
then the optimal embedding can be trained and decoded back to the
final architecture. Another category is to reduce the search space.
One way is to propose searching convolution cells which could be
stacked repeatedly into a deep network. NASNet [34] uses transfer
learning to train cells on smaller datasets, and then apply them
on larger datasets. MNAS [20] proposed a search space involving
hierarchical convolution cell blocks which could be searched independently to form different structures. Joglekar [8] firstly utilized
NAS to optimize embedding components of recommender systems.
Nevertheless, it cannot be directly deployed in the streaming recommender systems, where the frequencies of users/items are unknown
in advance and highly dynamic. The work [28] investigates dynamically searching embedding sizes for users and items based on their
popularity in the streaming setting. Based on DARTS, they train a
controller to assign weights on various candidate embedding sizes
and calculate a combined embedding for each user and item. Their
method suffers from the drawbacks of soft selection such as the
cold-start problem and excessive memory consumption.

RELATED WORK

In this section, we go over the related works. We first review the
latest studies in deep recommender systems and then discuss related
works about AutoML for neural architecture search.

4.1

FIXED
Ratio
17,727,104 51.66%
3,491,584 30.37%
36,253,184 26.69%
7,436,544 12.45%

Deep Recommender System

Deep recommender systems enhance recommendation performance
and overcome the limitations of traditional approaches [27]. We
classify the existing works according to the types of deep learning techniques. Wide&Deep [5] is an MLP-based model that can
handle both regression and classification tasks. The Wide part is
a single perceptron layer that can be viewed as a linear model,
and the Deep part is MLP that tries to capture more general and
abstract representations. AutoRec [19] is an AutoEncoder based
model which has two variants, item-based and user-based AutoRec,
which aim to learn the low-dimension feature embeddings of users
and items. Wang et al. [22] studied the influences of visual features
extracted by CNNs for POI (Point-of-Interest) recommendations.
The model is based on PMF to learn the interactions between visual
content and latent user/location factors. GRU4Rec [6] is an RNN
based method to model the sequential influence of items’ transition
for the session-based recommendation, where a session-parallel
mini-batches algorithm and a sampling method for output are proposed to increase the training efficiency. Chen et al. [3] proposed
an Attention-based collaborative filtering model with two levels of
attention mechanisms, where the item-level one selects the most
informative items to represent users, and the component-level one
selects the most informative features from auxiliary sources for
each user. Zhao et al. [29–32] proposed a series of deep reinforcement learning based recommender systems, which typically model
the user-system interaction as Markov decision process, and aim
to maximize the long-term reward from the environment (users).
IRGAN [21] is the first GAN-based model for information retrieval,
which validated the capability of GAN in web search, item recommendation and question answering tasks.

5

CONCLUSION

Deep recommendation models typically use uniform and fixed embedding sizes for all users and items. This design is sub-optimal
for real-world recommendation problems where the frequencies of
users and items are highly varied and change dynamically. Also, it
could require much more storage resources. In this paper, we propose to dynamically search embedding sizes for different users and
items. We develop a novel embedding size adjustment policy network to automatically search embedding sizes for users and items
in the recommendation process. It applies hard selection on embedding sizes and overcomes the drawbacks of soft selection adopted
by previous works. We formulate the optimization of the policy
network as a reinforcement learning problem and propose the corresponding optimization method. We evaluate the performance of
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our framework on two real-world recommendation datasets and the
results demonstrate the superiority of our model over competitive
baselines. Finally, we show that our model effectively alleviates the
cold-start problem and reduces storage space significantly.
In this paper, we investigate how to dynamically adjust the embedding sizes for users/items based on their frequencies. Other
information about a user/item may also be helpful to determine an
appropriate embedding size. We will attempt to incorporate other
information. Moreover, the representation layer is only a part of
the recommender system. As one future research direction, we are
going to investigate how to design the network structure in the
inference layer automatically to further boost the performance of
the model.
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