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Details:

Existing two-stream models often combine two streams via summation or concatenation, which may waste
the opportunity to model the high-level (i.e., stream-level) feature interactions.

In contrast, our empirical study shows that a well-tuned two-stream MLP model that simply combines two
MLPs can even achieve surprisingly good performance.
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Figure 1: (a) An illustration of stream-specific feature selection. (b) A general framework of two-stream CTR models. (c) The
multi-head bilinear fusion.
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Figure 1: (a) An illustration of stream-specific feature selection. (b) A general framework of two-stream CTR models. (c) The
multi-head bilinear fusion.

MLP,(h,), (1) g1 = Gatey(x1), g2 = Gatea(x2), (3)
MLP,(hy), 2) h; =20(g1) ©e, ha =20(g2) ©e, (4)
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Figure 1: (a) An illustration of stream-specific feature selection. (b) A general framework of two-stream CTR models. (c) The
multi-head bilinear fusion.

§=o(b+wj 01+ ws 02 + 0] W302), (5) 01 = |O11,...,01k], (7)
y=o(b+ w'x+ xTupper(PPT)x), (6) Oy = [021, — Ozk], (8)
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Figure 1: (a) An illustration of stream-specific feature selection. (b) A general framework of two-stream CTR models. (c) The
multi-head bilinear fusion.
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Dataset #Instances | #Fields | #Features

Criteo 45,840,617 39 2,086,936

Avazu 40,428,967 22 1,544,250
MovielLens | 2,006,859 3 90,445

Frappe 288,609 10 5,382

Table 1: The statistics of open datasets.

Dataset | Metric|WideDeep DeepFM DCN xDeepFM Autolnt+ AFN+ DeepIM MaskNet DCNv2 EDCN |DualMLP FinalMLP
Criteo AUC | 81.38 81.38 81.39 81.39 81.39 8143 81.40 81.39 8142 8147 | 8142 81.49
Std 57e-5  8.0e-5 4.9e-5 9.5e-5 l.4e-4 59e-5 59e-5 13e4 2.0e4 6.6e-5| 5.6e-4 1.7e-4
Avazu AUC | 76.46 76.48 7647 7649 7645 7648 76.52 7649  76.54 76.52 | 76.57 76.66
Std 54e-4  44e-4 12e3 4.le-4 524 37e-4 925 26e-3 47e-4 3.0e-4| 3.5e-4 4.9e-4
Movielens AUC | 96.80 96.85 96.87  96.97 96.92 9642 9693 96.87 9691 96.71 | 96.98 97.20
Std 3.2e-4 1.6e-4 5.5e-4 9.0e-4 44e-4 58e-4 58e-4 28e-4 3.6e-4 34e-4| 43e-4 1.8e-4
Frappe AUC | 9841 98.42 98.39 98.45 98.48 98.26 9844 9843 9845 9850 | 9847 98.61
Std 7.9e-4 l.6e-4 3.le-4 3.7e-4  T79e-4 1.4e-3 63e-4 57e-4 43e-4 5.le-4d| 3.5e-4 1.7e-4

Table 2: Performance comparison of two-stream models for CTR prediction. The best results are in bold and the second-best
results are underlined.
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Class Model Criteo Avazu MovielLens Frappe
First-Order LR 78.86 75.16  93.42 93.56
FM 80.22 76.13  94.34 96.71
Second- AFM 80.44 75.74  94.72 96.97
FFM 80.60 76.25  95.22 97.88

Order

FwFM 80.63 76.02 05.58 97.76
FmFM 80.56 75.95 94.65 97.49
HOFM(3rd) | 80.55 76.01 94.55 97.42
Third- CrossNet(2L) |79.47 75.45 93.85 94.19
Order |CrossNetV2(2L)| 81.10 76.05 95.83 97.16
CIN(2L) 80.96 76.26 96.02 97.76
CrossNet 80.41 75.97 94.40 95.94
CrossNetV2 | 81.27 76.25 96.06 97.29
CIN 81.17 76.24 96.74 97.82

Autolnt 81.26 76.24 96.63 08.31

H(;i}j‘::' FIGNN  |81.34 7622 9525 9761
AFN 81.07 7547 96.11  98.11
SAM 8131 76.32 9631  98.01
MLP 81.37 7630 9678  98.33

Table 3: Performance comparisons between MLP and ex-
plicit feature interaction networks. The best results w.r.t.
AUC are in bold and the second-best results are underlined.
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Figure 2: The ablation study results of FinalMLP.

#Heads (k) | Criteo | Avazu | MoivelLens | Frappe
1 OOM | 0.7649 0.9691 0.9862
5 0.8141 | 0.7661 0.9707 0.9851
10 0.8144 | 0.7669 0.9724 0.9849

50

0.8148

0.7657

0.9703

0.9841

Table 4: Bilinear fusion with different numbers of heads.
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FinalMLP
oaseacel | BOUN| semaitol.  wmmates
AUC 71.78 12:22 72.83 72.93
AAUC - +0.44 +1.05 +1.15
Latency 45ms - 70ms 47ms

Table 5: Offline results in production settings.

Dayl Day2 Day3 Day4 DayS Average

ACTR 16% 06% 1.7% 15% 2.4% 1.6%

Table 6: Online results of a five-day online A/B test.
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