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a) Click sequence (b) Skip and no skip sequence
Figure 1: Illustration of click-based sequential recommen-

dation and our dual-interest sequential recommendation
which is hybrid with positive and negative feedback.
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Table 1: Micro-video and Amazon data statistics.

Dataset Micro-video | Amazon
#Users 37,497 6,919
#Items 129,092 28,695
#Records Positive 6,413,396 99,753
Negative 5,448,693 20,581
Avg. records per user 316.35 17.39
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Table 2: Overall evaluations for DFAR against baselines under Micro-video and Amazon datasets on four metrics. Here Improv.
is the improvement. Bold is the highest result and underline is the second highest result.

Models DIN Caser GRU4REC DIEN SASRec THA4Rec DFN FeedRec | Ours | Improv.
AUC | 0.7345 0.8113 0.7983 0.7446  0.8053 0.8104 0.8342  0.8119 | 0.8578 2.83%
Micro-video MRR | 0.5876 0.6138 0.5927 0.5861 0.6046 0.6080 0.6321 0.6095 0.6568 3.91%
NDCG | 0.6876 0.7079 0.6916 0.6861  0.7009 0.7035 0.7222  0.7047 | 0.7410 2.60%
GAUC | 0.7703 0.8211 0.8041 0.7753 0.8120 0.8138 0.8362 0.8180 0.8545 2.19%
AUC | 0.6595 0.7192 0.7278 0.6688  0.6903 0.7069 0.6998  0.7037 | 0.7333 0.76%
Amazon MRR | 0.4344 0.4846 0.4901 0.4547 0.4604 0.4599 0.4743 0.4675 0.4980 1.61%
NDCG | 0.5669 0.6073 0.6114 0.5832 0.5883 0.5879 0.5990 0.5938 0.6175 1.00%

GAUC | 0.6618 0.7245 0.7266 0.6859 0.7029 0.7021 0.7120 0.7079 0.7305 0.54%
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Table 3: Effectiveness study of our proposed components.
FHA means factorization-heads attention; MO means label
mask operation on heads; IDL means interest disentangling
loss on positive and negative representations; IBL means in-
terest BPR loss on positive and negative logits.

Dataset Micro-video
Methods | w/o FHA w/o MO w/o IDL w/o IBL | Ours
AUC 0.8360 0.8473 0.8475 0.8364 |[0.8578
MRR 0.6198 0.6378 0.6377 0.6324 |[0.6568
NDCG 0.7127 0.7264 0.7264 0.7212 10.7410
GAUC 0.8319 0.8428 0.8436 0.8283 | 0.8545
Dataset Amazon
AUC 0.7133 0.7141 0.7284 0.7137 [0.7333
MRR 0.4782 0.4883 0.4855 0.4839 |0.4980
NDCG 0.6016 0.6095 0.6073 0.6057 |0.6175
GAUC 0.7054 0.7137 0.7128 0.7047 [0.7305
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Figure 4: Visualization of accumulated attention weights be-
tween different heads. Here h; and h; represent the heads
for the source and target behaviors, respectively (i.e., if the
source behavior is negative and target behavior is positive,
we have hy = 0 and hy = 1). This illustrates our method can
factorize and extract the relation between different feedback
based on the proposed factorization-heads attention.
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Figure 5: AUC performance comparisons under different se-
quence lengths on the Micro-video and Amazon datasets.
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