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Should we consider the users in contextual music auto-tagging
models?
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The listening context strongly
influence the listening preferences [1]
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The Question: Would considering the user when auto-tagging tracks with
“contextual” tags improve the performance?

Contextual tags — Tags that describe the listening situation of the users
(e.g. location, activity, time).

Classic approach ,mwmg[

Auto-tagging model
[2,3]

Contextual + Non-contextual tags

BUT contextual tags could depend on the user as well
as the audio!

Proposed approach

1. Collect a dataset of tracks tagged with different contexts by different users.

2. Train two auto-taggers, one using only audio and one using audio+user information.

3. Evaluate the two model using different user-focused evaluation protocols.

How to collect the dataset?

“Through the user-created playlists”

Playlists Dataset
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Proposed model
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Evaluation Scenarios

We need to compare the multi-label audio model to the single-label user model.
Hence, we convert the audio model output using different scenarios to compare.
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audio-based use case: air comparison
evaluation same with the
; predictions for user-based model
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User-satisfaction evaluation

We also propose a user-satisfaction protocol to evaluate on each user independently
We define it as:
1
Sy = N Z Su, where N = |U|
uelU

User’s Predictions matrix

P, = {0,1}mxmu

User’s Groundtruth matrix

Gy = {0, 1}mexme

Evaluation Metric

M., Presenttracks for user u

M4, Present contexts for user u

Evaluation results

MO-MG

MO-SG

AUC Recall Precision fl-score AUC  Recall Precision fl-score
car 0.56  0.97 0.48 0.64 car 0.545 0.973  0.088 0.162
gym 0.73  0.91 0.57 0.7 gym 0.677 0.934  0.137 0.238
happy 0.58  0.97 0.37 0.53 happy 0.563 0.975  0.066 0.124
night 0.6 0.99 0.49 0.65 night 0.575  0.993  0.095 0.173
relax 0.79  0.88 0.59 0.7 relax 0.740 0.926  0.163 0.277
running | 0.66  0.95 0.54 0.69 running | 0.612 0.957  0.118 0.210
sad 0.78  0.85 0.48 0.61 sad 0.741 0.894 0.137 0.237
summer | 0.6 1 0.61 0.76 summer | 0.577 1.000  0.156 0.270
work 054 1 0.47 0.64 work 0.526  1.000  0.085 0.156
workout | 0.76  0.89 0.49 0.63 workout | 0.717 0.913  0.107 0.192
average | 0.66 094  0.51 0.66 average | 0.627 0.957  0.115 0.204

S0-SG ¢ User+Audio

AUC Recall Precision fl-score AUC Recall Precision fl-score
car 0.545 0.000  0.000 0.000 car 0.62 0.11 0.15 0.13
gym 0.677 0.378  0.181 0.245 gym 073 015 024 0.18
happy 0.563 0.000  0.000 0.000 happy | 0.64  0.22 0.12 0.15
night 0.575 0.000  0.051 0.001 night 0.62  0.03 0.15 0.05
relax 0.740 0.639  0.241 0.350 relax 0.77  0.43 0.31 0.36
running | 0.612 0.039  0.178 0.064 running | 0.7 0.28 0.22 0.24
sad 0.741 0.001  0.417 0.002 sad 0.84 0.54 0.35 0.42
summer | 0.577 0.414  0.192 0.262 summer | 0.66 0.2 0.28 0.23
work 0.526  0.000  0.105 0.001 work 0.59  0.02 0.13 0.04
workout | 0.717 0.186  0.193 0.189 workout | 0.75 0.4 0.2 0.26
Iaverage 0.627 0.166  0.156 0.111 | I average | 0.69  0.24 0.22 0.21 I

[ ]
Evaluation results
User-satisfaction evaluation
| Accuracy Recall Precision fl-score
Audio 0.21 0.204 0.243 0.216
Audio+User | 0.254 0.246  0.295 0.26

Conclusion: We do need to consider the users in contextual auto-tagging
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