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Details:

With the growth of high-dimensional sparse data in web-scale recommender systems, the computational

cost to learn high-order feature interaction in CTR prediction task largely increases, which limits the use of
high-order interaction models in real industrial applications.

However, they suffer from the degradation of model accuracy in knowledge distillation process. It is
challenging to balance the efficiency and effectiveness of the shallow student models.
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Table 2: Effectiveness comparisons of different student models. [ is
the depth, m is the number of feature fields, d is the embedding size,
H is the dimension of hidden vectors.

Table 1: The statistics of datasets.

. L. . Criteo Avazu .
Distillation AUC Logloss | AUC Log Loss Order Complexity
Dataset # Features # Instances CIN 08109 04424 | 07816 03803 | > 2 O(mHZ2dl)
CIN — FwFM 0.8008  0.4511 | 0.7779  0.3823 2 O(m2d)
CIN — FmFM 0.8091  0.4445 | 0.7809  0.3806 2 O(m?d?)
MovieLens-1M CIN — Tiny MLP 0.8098  0.4506 | 0.7794  0.3839 NA  O(mdH + H?I)
CIN — DAGFM-inner 0.8109  0.4425 | 0.7816  0.3803 > 2 O(m?dl)
CrossNet 0.8123  0.4398 | 0.7817  0.3805 > 2 O(m?*d*I)
CrossNet — FwFM 0.7945  0.4559 | 0.7690  0.3874 2 O(m2d)
CrossNet — FmFM 0.8108  0.4411 | 0.7800  0.3811 2 O(m?d?)
CrossNet — Tiny MLP 0.8102  0.4516 | 0.7795  0.3837 - O(mdH + H?I)
CrossNet — DAGFM-outer | 0.8122  0.4397 | 0.7815 0.3806 > 2 O(m?dl)




@ Chongging University

ATAI

Advanced Technique of
Artificial Intelligence

of Technology

!

S

O
D
—
=
(D

—— DAGFM-inner  =—— FmFM  —— FwFM —— Tiny MLP
g g 10°
. e
10-t
\, ni 2 b
D TN A
[ 14 2 \ > 3 |
O W . 1
w:l,Z W2Il'3 ] 100 oo 200 Sgeug 0 100 _— 200 Set.gg
o i '; (a) CIN
E '} —— DAGFM-outer —— FmFM — FwFM = Tiny MLP
1,;, i. E 1011 g 10®
male X weekday X Canada 2 | 5 2
f/ 4\ f’/ 4 ( ; I ti\\, E
L& o & & 10-1
Figure 2: The propagation graph of DAGFM. Each k-order feature
- - - - - ! 10_2
interaction corresponds to a unique path with length k — 1 in the = =
. . . 0 100 . 200 5?{20 0 100 200 S?;:gl}
dynamic programming algorithm. Criteo P Avazy °
(b) CrossNet

Figure 3: The loss curves in knowledge distillation process of differ-
ent student models.
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Table 3: Performance comparisons. Note that a higher AUC or lower Logloss at 0.001-level is significant for CTR prediction.

Model Criteo Avazu MovieLens-1M WeChat
AUC LogLloss | AUC LoglLoss | AUC LoglLoss | AUC LogLoss Params FLOPs Latency
FmFM 0.8112 0.4408 0.7744 0.3831 0.8864 0.3295 0.6593 0.2660 5.99M 9.44M 0.099 ms
FwFM 0.8104 0.4414 0.7741 0.3835 0.8815 0.3351 0.6702 0.2637 0.03M 1.11M 0.046 ms
xDeepFM 0.8122 0.4407 0.7821 0.3799 0.8913 0.3244 0.6712 0.2627 282.77TM  3761.16M 0.588 ms
DCNV?2 0.8127 0.4394 0.7838 0.3782 0.8946 0.3229 0.6683 0.2640 87.63M 87.63M 0.198 ms
FiBiNet 0.8126 0.4415 0.7837 0.3783 0.8860 0.3291 0.6681 0.2449 569.01M 587.76 M 0.219 ms
Autolnt+ 0.8126 0.4396 0.7832 0.3786 0.8937 0.3288 0.6774 0.2618 34.14M 64.92M 0.222 ms
FiGNN 0.8109 0.4412 0.7830 0.3799 0.8939 0.3232 0.6623 0.2641 9.91M 41.13M 0.323 ms
GraphFM 0.8070 0.4448 0.7792 0.3807 0.8890 0.3311 0.6532 0.2660 3.60M  1193.74M 0.192 ms
ECKD 0.8123 0.4422 0.7834 0.3838 0.8951 0.3173 0.6635 0.2672 25.44M 25.44M 0.108 ms
CIN (teacher) 0.8109 0.4424 0.7816 0.3803 0.8850 0.3320 0.6668 0.2636 231.96M  3710.57M 0.213 ms
DAGFM-inner (student) | 0.8105 0.4413 0.7801 0.3805 0.8839 0.3339 0.6620 0.2651 1.75M 3.36M 0.068 ms
KD-DAGFM-inner 0.8109 0.4425 0.7816 0.3803 0.8849 0.3320 0.6668 0.2636 1.75M 3.36M 0.068 ms
KD-DAGFM gr-inner 0.8121 0.4400 0.7883 0.3760 0.8880 0.3304 0.6777 0.2617 1.75M 3.36M 0.068 ms
CrossNet (teacher) 0.8123 0.4398 0.7817 0.3805 0.8907 0.3474 0.6681 0.2638 53.54M 53.54M 0.125 ms
DAGFM-outer (student) | 0.8119 0.4401 0.7791 0.3810 0.8895 0.3361 0.6672 0.2646 3.42M 5.04M 0.086 ms
KD-DAGFM-outer 0.8122 0.4397 0.7815 0.3806 0.8904 0.3476 0.6680 0.2638 3.42M 5.04M 0.086 ms
KD-DAGFM fgr-outer 0.8132 0.4390 0.7864 0.3780 0.8976 0.3189 0.6748 0.2665 3.42M 5.04M 0.086 ms
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Figure 4: The performance of KD-DAGFM with different number of  Figure 5: The performance of KD-DAGFM with different interaction
propagation layers. learning functions.
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Table 5: Distillation performance of KD-DAGFM+.

. . PP, Crit A
Table 4: Online A/B test results on WeChat Official Account Plat- Distillation riteo vazu
. ) ) ) ) AUC LogLoss Latency | AUC LogLoss Latency
form. Higher T is better for Click Users and CTR, while lower | is XDecpEM (teacher) | 08122 0.4407  025Lms | 07821 03799  0.067 ms
better for FLOPs and Latency. KD-DAGFM+ 08122 04408 .. 07821 03801 o
KD-DAGFM g+ 0.8132  0.4388 0.7870 03776
- DCNV2 (teacher) | 0.8127  0.4394  0.021ms | 0.7838 03782  0.013 ms
Method | #Click UsersT CTRT FLOPs| Latency | KD-DAGFM+ 08126 0439 . | 07838 03784 .
SOTA Method 1,532,276 0.09789 7oM 0.158 ms f)t-[ﬁGir:ﬁFT; ) g':izz g-iiz 0.571 gggg: gggg 0.332
Lo + (leacher R . . ms . . . ms
KD-DAGFM 1,533,351 0.09847 15M 0.059 ms KD-DAGEM+ 0.8126 0.4396 0015 e 0.7831 0.3784 0010 e
]I'Ilpr(}\-'ements +0.07% +0.59% +785% +627% KI)'DAGFMFT"’ 0.813? 0.4385 B 0.7875 0.3761 B
FiBiNet (teacher) | 0.8126 0.4415 0.124ms | 0.7837 03783  0.024 ms
KD-DAGFM+ 0.8125  0.4418 0.7836  0.3786
KD-DAGFMpr+ | 08131 04405 C007™S | 7875 3763  0008MS
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