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A 2d tensor E € RI/1xD
Feature size |f| =~ 107
Embed Dim D = 64



The Definition of “Optimal”

1. No Redundant Features in |f].

Redundant feature both consumes additional memory and is
detrimental to model performance [1].

2. Embedding Dimension Flexible in D.

Feature with small cardinality may induce overfitting, while
feature with large cardinality may induce underfitting [2,3].

3. Hardware Friendly

|fIxD
A 2d tenspr EeRr . Sparse embedding table requires extra storage and decoding
Feature size |f| ~ 10 time, which is not suitable in practice [4,5].

Embed Dim D =~ 64

[1] Wang, Yejing, et al. "Autofield: Automating feature selection in deep recommender systems." Proceedings of the ACM Web Conference 2022. 2022.
[2] Shi, Hao-Jun Michael, et al. "Compositional embeddings using complementary partitions for memory-efficient recommendation systems." Proceedings of the 26th ACM SIGKDD International Conference on Knowledge Discovery & Data Mining. 2020.
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[3] Zhao, Xiangyu, et al. "Autodim: Field-aware embedding dimension searchin recommender systems." Proceedings of the Web Conference 2021. 2021.

[4] Deng, Wei, et al. "DeeplLight: Deep lightweight feature interactions for accelerating CTR predictions in ad serving." Proceedings of the 14th ACM international conference on Web search and data mining. 2021.
]

[5] Liu, Siyi, et al. "Learnable Embedding sizes for Recommender Systems." /nternational Conference on Learning Representations. 2020.



Comparison with Other Methods

Table 1: Comparison of embedding learning approaches.

Approach

R1: N.RF.

RZ: EDF,

R3: H.F.

MDE [9]

DNIS [5]

AutoDim [43]

AutoField [35]

OR [32]

PEP [23]

OptEmbed

NNNN X X% X

NNXXNNN

N>} NNYNNN

N.R.F, E.D.F. and H.F. are abbreviations for No Redundant Feature, Embedding

Dimension Flexible and Hardware Friendly.

No previous work satisfies all three requirements!



CTR Prediction Formulation

For n field one-hot encoded raw input: """ 777777777 T rrommmnmmmmmmT
x =[xy x@) 0 X B Y :
Transform into dense vector: [ Categorical |' :
ey = FE X x¢; ? Feature :' Interaction :

® @) i Values | :

Concatenate all embeddings: :
e = [e(l)’ e(z)’ e e(n)] =EXx : E: | EE Feature Interaction and Classifier :

: Input : : Embedding (Qur Scope) 1 (Existing Related Work) :

Fed into feature interactionand ~ --------------

. . illustration figure for common CTR model
classification layer:

g =FEXIW) Formulate the CTR prediction problem: Goal A
Adopt the cross-entropy loss:

min LE(DHEW)) == Y CE(yF(EXXIW))
CE(y, ) = ylog(9) + (1 — y) log(1 — 7).
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Optimal Embedding Table

Output
Decompose the original single
embedding table into a series of ! : | | T :
field-wise embedding table: |
E = [E(l),E(z), ---»E(n)]:E(i) e RIfmxPw E
' Embedding
For R1: No Redundant Features: | Layer
n kbl ieletod Aeielelaieialiotelubeistell alstedeinlotiie il dotebeleds kel ledalelr
. Input
D ol <1 :
=1 :- ______________________________________________________________

R2: Embedding Dimension Flexible:  Re-formulate the CTR prediction problem: Goal B

Choose different D;, min Lce(D{E*, W}), E* = [E(4),E(2), "+ ,E()],

R3: Hardware Friendly is naturally

satisfied. sit:Egpy € R XDy Z Ifiy| < Ifl, Dy < D, Vi <n.

=1 ¢



Optimal Embedding Table

Decompose the original single
embedding table into a series of
field-wise embedding table:

E =[Eq) E@), - Emw) Eqy € RIOPPO
' Embedding

For R1: No Redundant Features: ' Layer
- . Input
D ol <1 i

- 1
/=2 I A e e e e I I e e e i I P

R2: Embedding Dimension Flexible: ~ Re-formulate the CTR prediction problem: Goal B

Choose different D;, Enjn Lcg(DHE*, W}), E* = [E(1),E(g), - ,E(p)],

R3: Hardware Friendly are naturally

satisfied. Hard to dlr%ﬂ?ﬁgﬂfﬁﬂléllﬁgl <|fl, D4y < D, Vi< n.
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Optimal Embedding Table

If optimize |f;)| & D;, alternately

|fiyl is influenced by D;,

Sub-optimal result

Hard to directly optimize!
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Optimal Embedding Table

If optimize |f;)| & D;, alternately

|fiyl is influenced by D;,

Sub-optimal result

Hard to directly optimize!

If optimize |f;,| & D;, uniformly

Field |

Sparse embedding

Hardware Unfriendly
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Optimal Embedding Table

]{:Ilin Lcg(DE, W}), E* = [E(y),E(z), " ,E

Embedding
Layer

rl)]s

s.t. E()ERUP“IX (@ Zlf()l<|f| D()<D Vi < n.

Goal B
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Optimal Embedding Table

- ERRN

How?

. 1
min Log(DHEW) =—1 D, CE(y F(Exx|W))

min Lcg(DHE, W}), E* = [E(3),E(2),"* ,E(m)],

84 E(:) e RV® IXD“), Z |f(1)| < [El; D(i) < D, Vi <n. Dl (x,y)eD

Goal B Goal A b
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OptEmbed

® AT

Field-wise
Dimension Mask:

© [1]*]*]o]o] :

Embedding :
Mask

min Lcg(DHE, W}), E* = [E(3),E(2),"* ,E(m)],
_> min WLCE(@HE*,W}), E"=E 0O m, ® my.

m&:md:EJ

s.it. Egj) € R XD, Z Ify! < Ifl, Dy < D, Vi <n.

Goal B Goal C i



OptEmbed

In practice, we introduce two masks:

Field-wise

min _ECE(SDI{E*,W}), E*=Eo me © my. §Dimension Mask

Me, Mg, 0, :
GoalC ! 1] E
Field-wise dimension mask: | [0 E
my € {0,1}P*n E @ 0 i
1 1 1
Embedding mask: | = |
m, € {0,1}/! E : Ed : E
' Embedding Embedding Embedding : .
'+ Layer : E

Three phases: TR

Input

1. Redundant Embedding Pruning
2. Embedding Dimension Search :
3. Parameter Re-training
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Experiment

Backbone Models: Dataset | #samples #field #values pos ratio

DeepFM[1], DCN[2], FNN[3], IPNN[4] Criteo | 4.6 x 107 39  6.8x10° 023
Avazu | 4.0x107 24  4.4x10° 0.17
KDD12 | 1.5%x10%8 11 6.0 x 10° 0.06

Baseline Methods:
AutoDim[5], AutoField[6], QR[7], PEP[8]

Evaluation Metrics: Soarsity — 1 _ TRemaining Params
AUC, Logloss and Sparsity SR |f| x D

1] Guo, Huifeng, et al. "DeepFM: a factorization-machine based neural network for CTR prediction." Proceedings of the 26th International Joint Conference on Artificial Intelligence. 2017.

2] Wang, Ruoxi, et al. "Deep & cross network for ad click predictions." Proceedings of the ADKDD'17. 2017. 1-7.

3] Zhang, Weinan, Tianming Du, and Jun Wang. "Deep learning over multi-field categorical data." £uropean conference on information retrieval. Springer, Cham, 2016.

4] Qu, Yanru, et al. "Product-based neural networks for user response prediction." 2016 /EEE 16th International Conference on Data Mining (ICOM). |EEE, 2016.

5] Zhao, Xiangyu, et al. "Autodim: Field-aware embedding dimension searchin recommender systems." Proceedings of the Web Conference 2021. 2021.

6] Wang, Yejing, et al. "Autofield: Automating feature selection in deep recommender systems." Proceedings of the ACM Web Conference 2022. 2022. 17
7] Shi, Hao-Jun Michael, et al. "Compositional embeddings using complementary partitions for memory-efficient recommendation systems." Proceedings of the 26th ACM SIGKDD International Conference on Knowledge Discovery & Data Mining. 2020.

8] Liu, Siyi, et al. "Learnable Embedding sizes for Recommender Systems." /nternational Conference on Learning Representations. 2020.



Result

Table 2: Overall Performance Comparison.

Dataset DeepFM ’ DCN ' FNN ‘ IPNN ‘
AUC Logloss Sparsity | AUC  Logloss Sparsity | AUC  Logloss Sparsity | AUC Logloss  Sparsity
Original | 0.8104  0.4409 - 0.8106  0.4408 - 0.8110  0.4404 - 0.8113  0.4401 -
o | AutoDim [ 08093 04420  0.8642 | 08096 04418 07917 | 08104 04410 07187 | 08103 04411  0.7179
L | AutoField | 0.8101 04412  0.0009 | 0.8108 04405 04108 | 0.8108  0.4406  0.6221 | 0.8111 04403  0.3941
S OR 0.8084  0.4444 05000 | 0.8103  0.4411  0.5000 | 0.8105  0.4408  0.5000 | 0.8102  0.4411  0.5000
PEP 0.7980  0.4541  0.5010 | 0.8110  0.4404  0.5802 | 0.8108  0.4406  0.5802 | 0.8111  0.4402  0.5607
OptEmbed | [0.8105  0.4409| |0.9684| ||0.8113  0.4402| [0.8534 || [0.8114 0.4400 | 0.6710 | [0.8114  0.4401| 0.7122
Original | 0.7884  0.3751 - 0.7894  0.3748 - 0.7896  0.3748 - 0.7898  0.3745 -
_ | AutoDim | 07843 03779  0.6936 | 07893 03744 05013 | 0.7894 0.3743 05017 | 07894 03743 03892
N | AutoField | 07866  0.3762  0.0020 | 0.7887  0.3748  0.0001 | 0.7892  0.3748  0.0001 | 0.7897  0.3744  0.0001
6 OR 0.7762  0.3821  0.5000 | 0.7868  0.3766  0.5000 | 0.7857 03769  0.5000 | 0.7849  0.3781  0.5000
PEP 0.7877  0.3754  0.4126 | 0.7896  0.3743  0.3016 | 0.7894  0.3744  0.3016 | 0.7897  0.3742  0.3016
OptEmbed | [0.7888F 0.37507] 0.3927 |[0.7901F 0.3740| [0.6840]|[0.7902%] 0.3744 [0.5563] | [0.7902 0.3740%] 0.4693
Original | 0.7962  0.1532 - 0.8010  0.1522 - 0.8008  0.1522 - 0.8007  0.1522 -
~ | AutoDim | 07886  0.1550  0.0029 | 0.8016 0.1520  0.1904 | 0.8012 0.1522 0.1669 | 0.8013  0.1521  0.2286
A | AutoField | 07953  0.1534  0.0038 | 0.8011  0.1525  0.0000 | 0.8006  0.1522  0.0000 | 0.8006  0.1522  0.0038
” QR 0.7913  0.1544  0.5000 | 0.7925  0.1541  0.5000 | 0.7938  0.1538  0.5000 | 0.7928  0.1540  0.5000
PEP 0.7957  0.1533  0.1001 | 0.7992  0.1525  0.1003 | 0.7984  0.1527  0.1003 | 0.7957  0.1535  0.1003
OptEmbed | 0.7971* 0.1530* 0.6183 | 0.8021* 0.1519  0.4715 | 0.8027* 0.1522 0.5105 | 0.8028* 0.1521  0.4154

Here * denotes statistically significant improvement (measured by a two-sided t-test with p-value < 0.05) over the best baseline.

On Criteo and Avazu, OptEmbed tends to save model parameters while keeping the performance.
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OptEmbed | 0.8105 0.4409 0.9684 | 0.8113 0.4402 0.8534 | 0.8114 0.4400 06710 | 0.8114 0.4401 0.7122
Original | 0.7884  0.3751 - 0.7894  0.3748 5 0.7896  0.3748 - 0.7898  0.3745 -
_ | AutoDim | 07843 03779  0.6936 | 07893 03744 05013 | 0.7894 0.3743 05017 | 07894 03743 03892
N | AutoField | 07866  0.3762  0.0020 | 0.7887  0.3748  0.0001 | 0.7892  0.3748  0.0001 | 0.7897  0.3744  0.0001
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PEP 0.7877  0.3754  0.4126 | 0.7896  0.3743 03016 | 0.7894  0.3744  0.3016 | 0.7897  0.3742  0.3016
OptEmbed | 0.7888* 0.3750*  0.3927 | 0.7901* 0.3740 0.6840 | 0.7902* 0.3744 0.5563 | 0.7902 0.3740*  0.4693
Original | 0.7962  0.1532 . 0.8010  0.1522 " 0.8008  0.1522 - 0.8007  0.1522 .
~ | AutoDim | 07886  0.1550  0.0029 | 0.8016 0.1520  0.1904 | 0.8012 0.1522 0.1669 | 0.8013  0.1521  0.2286
A | AutoField | 07953  0.1534  0.0038 | 0.8011  0.1525  0.0000 | 0.8006  0.1522  0.0000 | 0.8006  0.1522  0.0038
@ QR 0.7913  0.1544  0.5000 | 0.7925  0.1541 0.5000 | 0.7938  0.1538  0.5000 | 0.7928  0.1540  0.5000
PEP 0.7957  0.1533  0.1001 | 0.7992  0.1525  0.1003 | 0.7984  0.1527  0.1003 | 0.7957  0.1535  0.1003
OptEmbed | [0.7971* _0.1530*| 0.6183 |[0.8021* 0.1519]| 0.4715 |[0.8027* 0.1522| 0.5105 |[0.8028* 0.1521| 0.4154

Here * denotes statistically significant improvement (measured by a two-sided t-test with p-value < 0.05) over the best baseline.

On KDD12, OptEmbed tends to boost model performance.
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Ablation

Table 3: Performance Comparison for Component Analysis.

52‘221 Metrics ATC Ij?,gelgézs T Table 4: Ablation About Re-training Stage.
Original 0.8104  0.4409 - Dataset Criteo Avazu KDD12
DeepFM OptEmbed-E | 0.8104 0.4410  0.6267 Retrain | w. W.0. Ww. W.0. W. W.0.
. OptEmbed-D | 0.8103 0.4410  0.5547 AUC | 0.8113 0.8110 | 0.7900 0.7895 | 0.8021 0.8005
2 OptEmbed 0.8105 0.4409 0.9684 Logloss | 0.4402 0.4404 | 0.3743 0.3749 | 0.1523 0.1526
{’j Or1 gm al 0.8106 0.4408 - w. stands for with re-training. w.o. stands for without re-training.
OptEmbed-E | 0.8110  0.4404 0.6111 - .
DEN | OptEmbed-D | 0.8110  0.4403 07192 * Retraining is necessary.
OptEmbed 0.8113  0.4402 0.8534
Original 0.7884 0.3751 -
DeepEM OptEmbed-E | 0.7884  0.3752 0.0000
? OptEmbed-D | 0.7888  0.3750  0.3927 « On Criteo, both components reduce the
N OptEmbed 0.7888  0.3750 0.3927 embedding parameters
z Original 0.7894  0.3748 - '
pen | OptEmbed-E | 07895 03746 0.0024 ) Qn A\(azu, O.ptEmbed—E makes no
OptEmbed-D | 0.7900  0.3740 0.5044 5|gn|f|cant difference compared to
OptEmbed | 0.7900 0.3743  0.6840 original model.

OptEmbed-E: only using embedding mask

OptEmbed-D: only using field-wise dimension mask v
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Efficiency Analysis

Criteo Avazu KDD12

B FDE mAutoDim M AutoField MQR MWPEP M OptEmbed

(a) Training Time (h)

Criteo Avazu KDD12

HFDE MW AutoDim MAutoField QR ®PEP m OptEmbed

(b) Inference Time (ms)

0810 % @
O
0.796
P o 0.808
,’
‘f 0.806
0.794 'V’
', 0.804
@)
=1 o =
< 'l <t 0.802
0.792 v)
0.800
Model Model
=§§= OptEmbed 0.798 Vo= = =§§= OptEmbed
0.790 " .@: AutoField )l g =@ AutoField
3 AutoDim 0.796 ru 3 AutoDim
- vep - v - rep
0.794
150 200 250 300 350 0 100 200 300 400
Param(M) Param(M)
(a) Criteo (b) Avazu

« OptEmbed tends to perform best in terms of Param-
AUC tradeoff.
« OptEmbed ranks medium-level for training time and

performs best for inference time.
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Case Study

1.0 1 I Parameters
B Embeddings
B Dimensions

Normalized Value

« Perform on Avazu dataset with DeepFM model.
« Filter out unnecessary fields completely introduced
by the common best practice.
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Conclusion

1. We first propose three requirements for an optimal embedding
table: No Redundant Feature, Embedding Dimension Flexible and
Hardware Friendly.

2. Based on these requirements, a novel, model-agnostic framework
OptEmbed is proposed, which optimizes the embedding table in a
unifying way.

3. Extensive experiments demonstrate the superiority of OptEmbed in
model performance, runtime efficiency and model size reduction.



Thanks for Listening!

1. We first propose three requirements for an optimal embedding
table: No Redundant Feature, Embedding Dimension Flexible and
Hardware Friendly.

2. Based on these requirements, a novel, model-agnostic framework
OptEmbed is proposed, which optimizes the embedding table in a
unifying way.

3. Extensive experiments demonstrate the superiority of OptEmbed in
model performance, runtime efficiency and model size reduction.

For code implementation, kindly check:
https://github.com/fuyuanlyu/OptEmbed




