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Introduction

To model the performance of classical music by human musicians, we explore 
collaborative music-making in a MIDI environment. In previous work, we 
presented a model that plays part of a score in real time together with a live 
musician playing the other part. We trained it to resemble human musicians 
faced with the same task, by tuning its systems built around a set of Kuramoto 
oscillators. 

Here we chose 3 musical works and conducted experiments with a variety of 
pianists, recording the resulting performances as well as the testers’ subjective 
impressions. We reconciled each performance with the corresponding music 
score, thereby defining a dataset which we call an "interpretation". In addition 
to subjective evaluation, we introduced objective criteria in the form of 
discriminants that classify interpretations as being the result of human-human 
interaction or of human-machine interaction. We considered the following 
qualities: desynchronization, jerkiness, and velocity curves. Our trained model 
performed similarly to humans with respect to the first two discriminants, but 
significantly differently with respect to the last. In light of this, it is notable that 
our experiment subjects often failed to correctly distinguish the two classes.

Accompaniment Model

Experiments

Desynchronization Jerk Velocity Curves

https://smcnetwork.org/smc2024/papers/SMC2024_paper_id179.pdf
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Introduction

多標籤學習模型在圖像標註、物件偵測和文本分類等任務上皆有優異的性
能表現。相較於單標籤模型，多標籤模型學習了標籤之間的關聯性，從而
能達到更好的學習效果。因此，多標籤模型更適合應用在較為複雜的現實
場域，如自駕車的即時辨識。

然而，近期出現的一種多標籤乾淨圖像後門攻擊利用了此種關聯性，透過
修改部分標籤來植入後門，使得模型學習到錯誤的關聯，來達到攻擊的目
的。

在本研究中，我們提出了一種能夠針對多標籤乾淨圖像後門攻擊的完整防
禦方法，目的在減少受污染資料集的中毒率，也就是有毒資料在資料集中
的占比。

具體來說，會分兩階段進行。第一階段的防禦稱為 potential poison masking，
我們會先將被汙染的數據集進行粗略訓練，並依照每筆資料訓練的 loss進
行排序，移除loss較大的部分資料集以減低資料集汙染程度。

第二階段的防禦稱為 data relabeling，為進一步提升防禦效果，我們利用前
一階段的模型產出進行預測，並與原本受污染的資料及進行比對，對資料
集重新標註，降低資料本身的中毒率，進而達成修復資料的目的。

Result

Experiments

COCO VOC2012

train-set 82081 5717

trigger 人、車、交通號誌 人、車

poison rate 1.50% 4.80%

mAP (clean) 88.00 95.19

threshold ASR(D) ASR(A) mAP

disappear
backdoor  0.75 86.37% X 88.90

defense 0.75 4.18% X 87.22

appear
backdoor 0.75 X 81.42% 89.21

defense 0.75 X 1.47% 79.54

misclassfication
backdoor 0.75 82.42% 82.15% 88.86

defense 0.75 10.55% 9.78% 81.53

COCO

threshold ASR(D) ASR(A) mAP

disappear
backdoor  0.75 90.52% X 92.61

defense 0.75 2.59% X 94.72

appear
backdoor 0.75 X 83.41% 94.84

defense 0.75 X 0.00% 92.71

misclassfication
backdoor 0.75 91.81% 98.69% 88.86

defense 0.75 5.17% 0.00% 81.53

VOC2012

https://smcnetwork.org/smc2024/papers/SMC2024_paper_id179.pdf
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Introduction

• Recommendation systems have been the subject of active study over the 
past few decades due to their importance and wide range of application 
scenarios.

• Here, we have two questions

• RQ1. Does replacing graph augmentation with noise perturbation, 
as done in SimGCL, play a major role in enhancing performance?

• RQ2. If the answer to the above question is NO, what are the key 
factors in enhancing performance?

• Graph Collaborative Filtering (GraphCF) has achieved promising 
performance by leveraging the inferential power of Graph Neural 
Networks (GNNs).

Framework of Recommendation system

PRELIMINARY ANALYSIS

• RQ1. Does replacing graph augmentation with noise perturbation, as 

done in SimGCL, play a major role in enhancing performance?

• RQ2. If the answer to the above question is NO, what are the key factors 

in enhancing performance?

METHODOLOGY

• Unraveled Graph Contrastive learning (UGCL)
• Finding the sweet spot of the embedding of each layer:

• Utilizing Contrastive learning, which can incorporate any 
strategy:

• Combine the teachers’ output embeddings into a super teacher.

• BPR Loss:

• CL Loss:

• Final Loss:

Unraveled Graph Contrastive Learning (UGCL)

EXPERIMENTAL RESULTS

• Performance comparisons of non-graph-based method:

• Dataset:

• Top K recommendation:

• Fairness on recommendation:


