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ABSTRACT
Practical large-scale recommender systems usually contain thousands of feature fields from users, items, contextual information,
and their interactions. Most of them empirically allocate a unified
dimension to all feature fields, which is memory inefficient. Thus it
is highly desired to assign various embedding dimensions to different feature fields according to their importance and predictability.
Due to the large amounts of feature fields and the nuanced relationship between embedding dimensions with feature distributions
and neural network architectures, manually allocating embedding
dimensions in practical recommender systems can be challenging.
To this end, we propose an AutoML-based framework (AutoDim)
in this paper, which can automatically select dimensions for different feature fields in a data-driven fashion. Specifically, we first
proposed an end-to-end differentiable framework that can calculate
the weights over various dimensions in a soft and continuous manner for feature fields, and an AutoML-based optimization algorithm;
then, we derive a hard and discrete embedding component architecture according to the maximal weights and retrain the whole
recommender framework. We conduct extensive experiments on
benchmark datasets to validate the effectiveness of AutoDim.
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1

INTRODUCTION

Real-world deep learning based recommender systems (DLRSs)
typically involve a massive amount of categorical feature fields
from users (e.g., occupation and userID), items (e.g., category and
itemID), contextual information (e.g., time and location), and their
interactions (e.g., user’s purchase history of items). DLRSs first
map these categorical features into real-valued dense vectors via
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Figure 1: The Typically DLRS architecture.
an embedding-component [20, 39], i.e., the embedding-lookup process, which leads to huge amounts of embedding parameters. For
instance, the YouTube recommender system consists of 1 million
unique videoIDs, and assign each videoID with a specific 256dimensional embedding vector; in other words, the videoID feature field alone occupies 256 million parameters [5]. Then, the
DLRSs nonlinearly transform the input embeddings from all feature fields and generate the outputs (predictions) via the MLPcomponent (Multi-Layer Perceptron), which usually involves only
several fully-connected layers in practice. Therefore, compared to
the MLP-component, the embedding-component dominates the
number of parameters in practical DLRSs, which naturally plays a
tremendously impactful role in the recommendations.
The majority of existing recommender systems assign fixed and
unified embedding dimension for all feature fields, such as the
famous Wide&Deep model [4], which may lead to memory inefficiency. First, the embedding dimension often determines the capacity to encode information. Thus, allocating the same dimension to
all feature fields may lose the information of highly predictive features while wasting memory on non-predictive features. Therefore,
we should assign a large dimension to the highly informative and
predictive features, for instance, the “location” feature in locationbased recommender systems [1]. Second, different feature fields
have different cardinality (i.e., the number of unique values). For
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Figure 2: Overview of the proposed AutoDim framework.
example, the gender feature has only two (i.e., male and female),
while the itemID feature usually involves millions of unique values. Intuitively, we should allocate larger dimensions to the feature
fields with more unique feature values to encode their complex
relationships with other features, and assign smaller dimensions
to feature fields with smaller cardinality to avoid the overfitting
problem due to the over-parameterization [8, 15]. According to the
above reasons, it is highly desired to assign different embedding
dimensions to different feature fields in a memory-efficient manner.
In this paper, we aim to enable different embedding dimensions
for different feature fields for recommendations. We face several
tremendous challenges. First, the relationship among embedding
dimensions, feature distributions and neural network architectures
is highly intricate, which makes it hard to manually assign embedding dimensions to each feature field [8]. Second, real-world
recommender systems often involve hundreds and thousands of
feature fields. It is difficult, if possible, to artificially select different
dimensions for all feature fields, due to the expensive computation cost from the incredibly huge (N M , with N the number of
candidate dimensions for each feature field, and M the number of
feature fields) search space. Our attempt to address these challenges
results in an end-to-end differentiable AutoML-based framework
(AutoDim), which can efficiently allocate embedding dimensions
to different feature fields in an automated and data-driven manner.
Our experiments on benchmark datasets demonstrate the effectiveness of the proposed framework. We summarize our major
contributions as: (i) we identify the phenomenon that assigning
various embedding dimensions to different feature fields can enhance recommendation performance; (ii) we propose an end-to-end
AutoML-based framework AutoDim, which can automatically select various embedding dimensions to different feature fields; and
(iii) we demonstrate the effectiveness of the proposed framework
on real-world benchmark datasets.
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2

FRAMEWORK

In this section, we propose an AutoML-based framework, which
effectively achieve the automated allocation of varying embedding dimensions to different feature fields. We illustrate the overall
framework in Figure 2, which contains dimensionality search stage
and parameter re-training stage.

2.1

Dimensionality Search

As the aforementioned challenges in Section 1, it is difficult to
manually select embedding dimensions via conventional dimension
reduction methods. An intuitive solution to tackle this challenge
is to assign several embedding spaces with various dimensions to
feature fields, and then the DLRS automatically selects the optimal
embedding dimension for each feature field.
2.1.1 Embedding Lookup. Suppose for each user-item interaction instance, we have M input features (x 1 , · · · , x M ), and each
feature xm belongs to a specific feature field, such as gender and
age, etc. For the mth feature field, we assign N candidate embed1 , · · · , XN }. The dimension of an embedding in
ding spaces {Xm
m
each space is d 1 , · · · , d N , where d 1 < · · · < d N ; and the cardinality
of these embedding spaces are the number of unique feature values
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Figure 4: Linear transformation method to unify various dimensions.
1 , · · · , x N } as
in this feature field. Correspondingly, we define {xm
m
the set of candidate embeddings for a given feature xm from all
embedding spaces, as shown in Figure 3. Therefore, the total space
ÍN
assigned to the feature xm is n=1
dn . Note that we assign the same
candidate dimensions to all feature fields for simplicity, but it is
straightforward to introduce different candidate sets.

2.1.2 Unifying Various Dimensions. Since the input dimension
of the first MLP layer in existing DLRSs is often fixed, it is difficult
for them to handle various candidate dimensions. Thus we need to
1 , · · · , x N } into same dimension.
unify the embeddings {xm
m
Figure 4 illustrates the linear transformation method to handle
the various embedding dimensions. We introduce N fully-connected
1 , · · · , x N } into the
layers, which transform embedding vectors {xm
m
same dimension d N :
n ← W⊤ xn + b
e
xm
n
n m

∀n ∈ [1, N ]

Rdn ×d N

(1)

Rd N

where Wn ∈
is weight matrice and bn ∈
is bias vector.
For each field, all candidate embeddings with the same dimension
share the same weight matrice and bias vector, which can reduce
the amount of model parameters. With the linear transformations,
1 , · · · , xN } into the
we map the original embedding vectors {xm
m
1
N
same dimensional space, i.e., {e
xm , · · · ,e
xm } ∈ Rd N . In practice, we
can observe that the magnitude of the transformed embeddings
1 , · · · ,e
N } varies significantly, which makes them become in{e
xm
xm
comparable. To tackle this challenge, we conduct BatchNorm [12]
1 , · · · ,e
N } as:
on the transformed embeddings {e
xm
xm
n
e
xn −µ B

n ← qm
b
xm

(σ Bn )2 +ϵ

∀n ∈ [1, N ]

(2)

n )2 is the mini-batch variwhere µ nB is the mini-batch mean and (σ B
ance for ∀n ∈ [1, N ]. ϵ is a small constant added to the mini-batch
n )2 is very small. After
variance for numerical stability when (σ B
1 , · · · ,e
N } beBatchNorm, the linearly transformed embeddings {e
xm
xm
1 , · · · ,b
N}
come to magnitude-comparable embedding vectors {b
xm
xm
with the same dimension d N . Next, we will introduce embedding
dimension selection process.

2.1.3 Dimension Selection. This paper aims to select the optimal embedding dimension for each feature field in an automated
and data-driven manner. This is a hard (categorical) selection on the
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candidate embedding spaces, which will make the whole framework
not end-to-end differentiable. To tackle this challenge, in this work,
we approximate the hard selection over different dimensions via
introducing the Gumbel-softmax operation [13], which simulates
the non-differentiable sampling from a categorical distribution by
a differentiable sampling from the Gumbel-softmax distribution.
1 , · · · , α N } are the class probTo be specific, suppose weights {αm
m
abilities over different dimensions. Then a hard selection z can be
drawn via the the gumbel-max trick [9] as:




n
z = one_hot arg max log αm
+ дn
n ∈[1, N ]

where дn = − log (− log (un ))

(3)

un ∼ U ni f orm(0, 1)
The gumbel noises {дi , · · · , дN } are i.i.d samples, which perturb
n } terms and make the arg max operation that is equivalent
{log αm
1 , · · · , α N } weights. However, this trick
to drawing a sample by {αm
m
is non-differentiable due to the arg max operation. To deal with this
problem, we use the softmax function as a continuous, differentiable
approximation to arg max operation, i.e., straight-through gumbelsoftmax [13]:

n +д 
log(αm
) n
exp
τ
n
pm = Í
(4)

i +д 
log(αm
) i
N
τ
i=1 exp
where τ is the temperature parameter, which controls the smoothness of the output of gumbel-softmax operation. When τ approaches
zero, the output of the gumbel-softmax becomes closer to a one-hot
n is the probability of selecting the nth candidate
vector. Then pm
embedding dimension for the feature xm , and its embedding xm
1 , · · · ,b
N }:
can be formulated as the weighted sum of {b
xm
xm
xm =

ÍN

n
n=1 pm

n
·b
xm

∀m ∈ [1, M]

(5)

We illustrate the weighted sum operations in Figure 4. With gumbelsoftmax operation, the hard-like dimensionality search process
is end-to-end differentiable. The discrete embedding dimension
n } will be detailed in
selection conducted based on the weights {αm
the following subsections.
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Then, we concatenate the embeddings h0 = [x1 , · · · , xM ] and
feed h0 input into L multilayer perceptron layers:


hl = σ Wl⊤ hl −1 + bl
∀l ∈ [1, L]
(6)
where Wl and bl are the weight matrix and the bias vector for the
l th MLP layer. σ (·) is the activation function such as ReLU and
Tanh. Finally, the output layer that is subsequent to the last MLP
layer, produces the prediction of the current user-item interaction
instance as:

ŷ = σ Wo⊤ hL + bo
(7)
where Wo and bo are the weight matrix and bias vector for the
output layer. Activation function σ (·) is selected based on different
recommendation tasks, such as Sigmoid for regression [4], and
Softmax for multi-class classification [24]. Correspondingly, the
objective function L(ŷ, y) between prediction ŷ and ground truth
label y also varies. In this work, we leverage negative log-likelihood
function:
L(ŷ, y) = −y log ŷ − (1 − y) log(1 − ŷ)
(8)
where y is the ground truth (1 for like or click, 0 for dislike or nonclick). By minimizing the objective function L(ŷ, y), the dimensionality search framework updates the parameters of all embeddings,
n } through back-propagation. The
hidden layers, and weights {αm
high-level idea of the dimensionality search is illustrated in Figure 2
(a), where we omit some details of embedding-lookup, transformations and gumbel-softmax for the sake of simplicity.

2.2

Optimization

In this subsection, we will detail the optimization method of the proposed AutoDim framework. In AutoDim, we formulate the selection
over different embedding dimensions as an architectural optimization problem and make it end-to-end differentiable by leveraging
the Gumbel-softmax technique. The parameters to be optimized
in AutoDim are two-fold, i.e., (i) W: the parameters of the DLRS,
including the embedding-component and the MLP-component; (ii)
n } on different embedding spaces
α : the architectural weights {αm
n
n } as in Eq. (4)). DLRS parameters
({pm } are calculated based on {αm
W and architectural weights α can not be optimized simultaneously on the training dataset as with the conventional supervised
attention mechanism since the optimization of them are highly dependent on each other. In other words, optimization on the training
dataset simultaneously may result in the model overfitting on the
examples from the training dataset.
Inspired by the differentiable architecture search (DARTS) techniques [17], W and α are alternately optimized through gradient
descent. Specifically, we alternately update W by optimizing the
loss Lt r ain on the training data and update α by optimizing the
loss Lval on the validation data:

min Lval W∗ (α ), α
α
(9)
s.t . W∗ (α ) = arg min Lt r ain (W, α ∗ )
W

this optimization forms a bilevel optimization problem [19], where
architectural weights α and DLRS parameters W are identified as
the upper-level variable and lower-level variable. Since the inner
optimization of W is computationally expensive, directly optimizing α via Eq.(9) is intractable. To address this challenge, we take
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Algorithm 1 DARTS based Optimization for AutoDim.
Input: the features (x 1 , · · · , x M ) of user-item interactions and the
corresponding ground-truth labels y
Output: the well-learned DLRS parameters W∗ ; the well-learned
weights on various embedding spaces α ∗
1: while not converged do
2:
Sample a mini-batch of user-item interactions from
validation data

3:
Update α by descending ∇α Lval W∗ (α ), α with the
approximation in Eq.(10)
4:
Collect a mini-batch of training data
5:
Generate predictions ŷ via DLRS with current W and
architectural weights α
6:
Update W by descending ∇W Lt r ain (W, α )
7: end while
advantage of the approximation scheme of DARTS:
arg min Lt r ain (W, α ∗ ) ≈ W − ξ ∇W Lt r ain (W, α )
W

(10)

where ξ is the learning rate. In the approximation scheme, when
updating α via Eq.(10), we estimate W∗ (α ) by descending the gradient ∇W Lt r ain (W, α ) for only one step, rather than to optimize
W(α ) thoroughly to obtain W∗ (α ) = arg minW Lt r ain (W, α ∗ ).
The DARTS based optimization algorithm for AutoDim is detailed in Algorithm 1. Specifically, in each iteration, we first sample
a batch of user-item interaction data from the validation set (line 2);
next, we update the architectural weights α upon it (line 3); afterward, the DLRS make the predictions ŷ on the batch of training data
with current DLRS parameters W and architectural weights α (line
4-5); eventually, we update the DLRS parameters W by descending
∇W Lt r ain (W, α ) (line 6).

2.3

Parameter Re-Training

Since the suboptimal embedding dimensions in the dimensionality
search stage also influence the model training, a retraining stage
is desired to train the model with only optimal dimensions, eliminating these suboptimal influences. This subsection will introduce
how to select the optimal embedding dimension for each feature
field and the details of retraining the recommender system with
the selected embedding dimensions.
2.3.1 Deriving Discrete Dimensions. During re-training, the
gumbel-softmax operation is no longer used, which means that the
optimal embedding space (dimension) are selected for each feature
field as the one corresponding to the largest weight, based on the
well-learned α . It is formally defined as:
k , where k = arg max
n
Xm = Xm
n ∈[1, N ] αm

∀m ∈ [1, M]
(11)
Figure 2 (a) illustrates the architecture of AutoDim framework with
a toy example about the optimal dimension selections based on two
candidate dimensions, where the largest weights corresponding to
the 1st , mth and M th feature fields are 0.7, 0.8 and 0.6, then the
2 and X1 are selected for these feature
embedding space X11 , Xm
M
fields. The dimension of an embedding vector in these embedding
spaces is d 1 , d 2 and d 1 , respectively.

AutoDim: Field-aware Embedding Dimension Search
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Algorithm 2 The Optimization of DLRS Re-training Process.
Input: the features (x 1 , · · · , x M ) of user-item interactions and the
corresponding ground-truth labels y
Output: the well-learned DLRS parameters W∗
1: while not converged do
2:
Sample a mini-batch of training data
3:
Generate predictions ŷ via DLRS with current W
4:
Update W by descending ∇W Lt r ain (W)
5: end while
2.3.2 Model Re-training. As shown in Figure 2 (b), given the
selected embedding spaces, we can obtain unique embedding vectors (x1 , · · · , xM ) for features (x 1 , · · · , x M ). Then we concatenate
these embeddings and feeds them into hidden layers. Next, the
prediction ŷ is generated by the output layer. Finally, all the parameters of the DLRS, including embeddings and MLPs, will be updated via minimizing the supervised loss function L(ŷ, y) through
back-propagation. The model retraining algorithm is detailed in
Algorithm 2. The retraining process is based on the same training
data as Algorithm 1.
Note that the majority of existing deep recommender algorithms
(such as FM [21], DeepFM [10], xDeepFM [16]) capture the interactions between feature fields via interaction operations, such as
inner product. These interaction operations require the embedding
vectors from all fields to have the same dimensions. Therefore, the
embeddings selected in Section 2.3.1 are still mapped into the same
dimension as in Section 2.1.2. In the retraining stage, the BatchNorm operation is no longer in use, since there are no competitions
between candidate embeddings in each field.

3

EXPERIMENTS

In this section, we first introduce experimental settings. Then we
conduct extensive experiments to evaluate the effectiveness of the
proposed AutoDim framework.

3.1

Dataset

We evaluate our model on benchmark Criteo dataset1 : This is a
benchmark industry dataset to evaluate ad click-through rate prediction models. It consists of 45 million users’ click records on
displayed ads over one month. For each data example, it contains
13 numerical feature fields and 26 categorical feature fields.
 We nor
malize numerical features by transforming a value v → log(v)2
if v > 2 as proposed by the Criteo Competition winner2 , and then
convert it into categorical features through bucketing. All M = 39
feature fields are anonymous. We use 90% user-item interactions as
the training/validation set (8:1), and the rest 10% as the test set.

3.2

Implement Details

Next, we detail the AutoDim architectures. For the DLRS, (i) embedding component: we set the maximal embedding dimension as 32
within our GPU memory constraints. For each feature field, we select from N = 5 candidate embedding dimensions {2, 8, 16, 24, 32}.
(ii) MLP component: we have two hidden layers with the size
1 https://www.kaggle.com/c/criteo-display-ad-challenge/
2 https://www.csie.ntu.edu.tw/

r01922136/kaggle-2014-criteo.pdf
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|h 0 | × 128 and 128 × 128, where |h 0 | is the input size of first hidden
layer, |h 0 | = 32 × M with M = 39 the number of feature fields for
Criteo dataset, and we use batch normalization, dropout (rate = 0.2)
and ReLU activation for both hidden layers. The output layer is
128 × 1 with Sigmoid activation.
1 , · · · , α N of the mth feature field
For architectural weights α : αm
m
are produced by a Softmax activation upon a trainable vector of
length N . We use an annealing temperature τ = max(0.01, 1 −
0.00005 · t) for Gumbel-softmax, where t is the training step.
The learning rate for updating DLRS and weights are 0.001 and
0.001, and the batch-size is set as 2000. Our model can be applied to
any deep recommender systems with embedding layers. In
this paper, we show the performances of applying AutoDim on the
well-known FM [21], W&D [4] and DeepFM [10].

3.3

Evaluation Metrics

The performance is evaluated by AUC, Logloss and Params, where
a higher AUC or a lower Logloss indicates a better recommendation
performance. A lower Params means fewer embedding parameters.
A slightly higher AUC or lower Logloss at 0.001-level is regarded
as significant for the CTR prediction task [4, 10]. For an embedding dimension search model, the “Params” metric is the optimal
number of embedding parameters selected by this model for the
recommender system. We omit the number of MLP parameters,
which only occupy a small part of the total model parameters, e.g.,
∼ 0.5% in W&D and DeepFM on Criteo dataset. FM model has no
MLP component.

3.4

Overall Performance

We compare the proposed framework with following embedding
dimension search methods: (i) FDE (Full Dimension Embedding):
In this baseline, we assign the maximal candidate dimension to all
feature fields, i.e., 32. (ii) MDE (Mixed Dimension Embedding) [8].
(iii) DPQ (Differentiable Product Quantization) [3]. (iv) NIS (Neural
Input Search) [14]. (v) MGQE (Multi-granular quantized embeddings) [15]. (vi) AEmb (Automated Embedding Dimensionality
Search) [31]. (vii) RaS (Random Search): Random search is strong
baseline in neural network search [17]. We apply the same candidate embedding dimensions, randomly allocate dimensions to
feature fields in each experiment time, and report the best performance. (viii) AD-s: This baseline shares the same architecture with
AutoDim, while we update the DLRS parameters and architectural
weights simultaneously on the same training batch in an end-to-end
backpropagation fashion.
The overall results are shown in Table 1. We can observe: (1)
FDE achieves the worst recommendation performance and largest
Params, where FDE is assigned the maximal embedding dimension
32 to all feature fields. This result demonstrates that allocating the
same dimension to all feature fields is not only memory inefficient,
but introduces numerous noises into the model. (2) RaS, AD-s,
AutoDim performs better than MDE, DPQ, NIS, MGQE, AEmb. The
major differences between these two groups of methods are: (i)
the first group aims to assign different embedding dimensions to
different feature fields, while embeddings in the same feature field
share the same dimension; (ii) the second group attempts to assign
different embedding sizes to different feature values within the
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Table 1: Performance comparison of different embedding search methods
Dataset

Model

Metrics

Criteo

FM

Criteo

Criteo

Search Methods
FDE

MDE

DPQ

NIS

MGQE

AEmb

RaS

AD-s

AutoDim

AUC
Logloss
Params (M)

0.8020
0.4487
34.778

0.8027
0.4481
15.520

0.8035
0.4472
20.078

0.8042
0.4467
13.636

0.8046
0.4462
12.564

0.8049
0.4460
13.399

0.8056
0.4457
16.236

0.8063
0.4452
31.039

0.8078*
0.4438*
11.632*

W&D

AUC
Logloss
Params (M)

0.8045
0.4468
34.778

0.8051
0.4464
18.562

0.8058
0.4457
22.628

0.8067
0.4452
14.728

0.8070
0.4446
15.741

0.8072
0.4445
15.987

0.8076
0.4443
18.233

0.8081
0.4439
30.330

0.8098*
0.4419*
12.455*

DeepFM

AUC
Logloss
Params (M)

0.8056
0.4457
34.778

0.8060
0.4456
17.272

0.8067
0.4449
25.737

0.8076
0.4442
12.955

0.8080
0.4439
13.059

0.8082
0.4438
13.437

0.8085
0.4436
17.816

0.8089
0.4432
31.770

0.8101*
0.4416*
11.457*

“*" indicates the statistically significant improvements (i.e., two-sided t-test with p < 0.05) over the best baseline. (M=Million)

3.5

Efficiency Analysis

In addition to model effectiveness, training and inference efficiency
are also essential metrics for deploying a recommendation model
into commercial recommender systems. This section investigates
the efficiency of applying search methods to DeepFM on the Criteo
dataset (on one Tesla K80 GPU). We illustrate the results in Figure 5.
For the training time in Figure 5 (a), we can observe that AutoDim
and AD-s have fast training speed. As discussed in Section 3.4, the
reason is that they have a smaller search space than other baselines. FDE’s training is fastest since we directly set its embedding
dimension as 32, i.e., no searching stage, while its recommendation
performance is worst among all methods in Section 3.4. For the
inference time, which is more crucial when deploying a model in
commercial recommender systems, AutoDim achieves the least
inference time, as shown in Figure 5 (b). This is because the final
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same feature fields, which are based on the frequencies of feature
values. The second group of methods surfer from several challenges:
(ii-a) there are numerous unique values in each feature field, e.g.,
2.7×104 values for each feature field on average in the Criteo dataset.
This leads to a huge search space (even after bucketing) in each
feature field, which makes it difficult to find the optimal solution,
while the search space for each feature field is N = 5 in AutoDim;
(ii-b) allocating dimensions solely based on feature frequencies (i.e.,
how many times a feature value appears in the training set) may
lose other important characteristics of the feature; and (ii-c) the
feature values frequencies are usually dynamic and not pre-known
in real-time recommender systems, e.g., the cold-start users/items.
(3) AutoDim outperforms RaS and AD-s, where AutoDim updates
the architectural weights α on the validation batch, which can
enhance the generalization; AD-s updates the α with DLRS on the
same training batch simultaneously, which may lead to overfitting;
RaS randomly search the dimensions, which has a large search space.
AD-s has much larger Params than AutoDim, which indicates that
larger dimensions are more efficient in minimizing training loss.
To sum up, compared with the representative baselines, AutoDim
achieves significantly better recommendation performance, and
saves 70% ∼ 80% embedding parameters. These results prove the
effectiveness of the AutoDim framework.

Figure 5: Efficiency analysis of DeepFM on Criteo dataset.
recommendation model selected by AutoDim has the least embedding parameters, i.e., the Params metric. To summarize, AutoDim
can efficiently achieve better performance, making it easier to be
launched in real-world recommender systems.

3.6

Parameter Analysis

In this section, we investigate how the essential hyper-parameters
influence model performance. Besides common hyper-parameters
of deep recommender systems such as the number of hidden layers
(we omit them due to limited space), our model has one particular
hyper-parameter, i.e., the frequency to update architectural weights
α , referred to as f . In Algorithm 1, we alternately update DLRS’s
parameters on the training data and update α on the validation
data. In practice, we find that updating α can be less frequently
than updating DLRS’s parameters, which apparently reduces lots
of computations, and also enhances the performance.
To study the impact of f , we investigate how DeepFM with AutoDim performs on Criteo dataset with the changes of f , while
fixing other parameters. Figure 6 shows the parameter sensitivity
results, where in x-axis, f = i means updating α once, then updating DLRS’s parameters i times. We can observe that the AutoDim
achieves the optimal AUC/Logloss when f = 10. In other words,
updating α too frequently/infrequently results in suboptimal performance. Figure 6 (d) shows that setting f = 10 can reduce ∼ 50%
training time compared with setting f = 1.

AutoDim: Field-aware Embedding Dimension Search
in Recommender Systems
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(b) Logloss

0.4450
0.4425
20 0.44000
15
9
20 30

Table 2: Embedding dimensions for Movielens-1m
feature field
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Figure 6: Parameter analysis of DeepFM on Criteo dataset.
Figure 6 (c) shows that lower f leads to lower Params, vice versa.
The reason is that AutoDim updates α by minimizing validation
loss, which improves the generalizability of model [17, 19]. When
updating α frequently (e.g., f = 1), AutoDim tends to select a
smaller embedding size that has better generalization, while may
has an under-fitting problem; while when updating α infrequently
(e.g., f = 20), AutoDim prefers larger embedding sizes that perform
better on the training set, but may lead to an over-fitting problem.
f = 10 is a good trade-off between model performance on training
and validation sets.

3.7

movieId
year
genres
userId
gender
age
occupation
zip

Case Study

In this section, we investigate whether AutoDim can assign larger
embedding dimensions to more important features. Since feature
fields are anonymous in Criteo, we apply W&D with AutoDim on
MovieLens-1m dataset3 . There are M = 8 categorical feature fields:
movieId, year, genres, userId, gender, age, occupation, zip. Since
MovieLens-1m is much smaller than Criteo, we set the candidate
embedding dimensions as {2, 4, 8, 16}.
To measure the contribution of a feature field to the final prediction, we build a W&D model with only this field, train this model
and evaluate it on the test set. A higher AUC and a lower Logloss
means this feature field is more predictive for the final prediction.
Then, we build a comprehensive W&D model incorporating all
feature fields, and apply AutoDim to select the dimensions. The
results are shown in Table 2. It can be observed that: (1) No feature
fields are assigned 16-dimensional embedding space, which means
candidate embedding dimensions {2, 4, 8, 16} are sufficient to cover
all possible choices. (2) Compared to the AUC/Logloss of W&D
with each feature field, we can find that AutoDim assigns larger
embedding dimensions to important (highly predictive) feature
fields, such as movieId and userId, vice versa. (3) We build a full
dimension embedding (FDE) version of W&D, where all feature
fields are assigned as the maximal dimension 16. Its performances
are AUC=0.8077, Logloss=0.5383, while the performances of W&D
with AutoDim are AUC=0.8113, Logloss=0.5242, and it saves 57%
embedding parameters.
In short, above observations validates that AutoDim can assign
larger embedding dimensions to more predictive feature fields.
3 https://grouplens.org/datasets/movielens/1m/
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4

W&D (one field)

AutoDim

AUC

Logloss

Dimension

0.7321
0.5763
0.6312
0.6857
0.5079
0.5245
0.5264
0.6524

0.5947
0.6705
0.6536
0.6272
0.6812
0.6805
0.6805
0.6443

8
2
4
8
2
2
2
4

RELATED WORK

In this section, we will discuss the related works. We summarize
the works related to our research from two perspectives: deep
recommender systems and AutoML for neural architecture search.
Deep recommender systems have drawn increasing attention
from both the academia and the industry thanks to their great
advantages over traditional methods [28]. Various types of deep
learning approaches in recommendation are developed. Sedhain
et al. [22] present an AutoEncoder based model named AutoRec. Hidasi et al. [11] introduce an RNN based recommender system named
GRU4Rec. Cheng et al. [4] introduce a Wide&Deep framework for
both regression and classification tasks. Guo et al. [10] propose the
DeepFM model. It combines the factorization machine (FM) and
MLP. Wang et al. [26] utilizes CNN to extract visual features to help
POI (Point-of-Interest) recommendations. Wang et al. [25] propose
a generative adversarial network (IRGAN) based information retrieval model. Zhao et al. [6, 7, 29, 30, 32–38, 42] propose a series
of deep reinforcement learning based recommendation models.
The research of AutoML for neural architecture search can be
traced back to NAS [40], which first utilizes an RNN based controller to design neural networks and proposes a reinforcement
learning algorithm to optimize the framework. After that, many
endeavors are conducted to reduce the high training cost of NAS.
Pham et al. [19] propose ENAS, where the controller learns to
search a subgraph from a large computational graph to form an
optimal neural network architecture. Brock et al. [2] introduce a
framework named SMASH, in which a hyper-network is developed to generate weights for sampled networks. DARTS [17] and
SNAS [27] formulate the problem of network architecture search
in a differentiable manner and solve it using gradient descent. Luo
et al. [18] investigate representing network architectures as embeddings. Some works raise another way of thinking, which is to
limit the search space. Zoph et al. [41] propose a transfer learning
framework called NASNet, which train convolution cells on smaller
datasets and apply them on larger datasets. Tan et al. [23] introduce
MNAS. They propose to search hierarchical convolution cell blocks
independently, so that a deep network can be built based on them.

5

CONCLUSION

In this paper, we propose a novel framework, AutoDim, which automatically assigns various embedding dimensions to different feature
fields in a data-driven manner. To be specific, we first provide an
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end-to-end differentiable model, which computes the weights over
different dimensions for different feature fields simultaneously in a
soft and continuous form, and we propose an AutoML-based optimization algorithm; then, according to the maximal weights, we
derive a discrete embedding architecture, and re-train the DLRS
parameters. We evaluate the AutoDim framework with extensive
experiments based on widely used benchmark datasets. The results show that our framework can achieve better recommendation
performance with much fewer embedding space demands.
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